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Abstract

Dynamic transportation routing and parking management rely on real-time data on traffic

conditions and curbside availability. Traditional data collection methods require signif-

icant infrastructure investments and processing capacity, making them costly and often

impractical for large-scale implementation. In contrast, crowdsensing leverages data from

users’ smart devices, offering a cost-effective alternative for collecting real-time informa-

tion. However, crowdsensed data is often noisy, inaccurate, unstructured, and heavily

dependent on voluntary user contributions. This thesis is motivated by the central ques-

tion: how can we effectively design and manage platforms, such as parking management

and routing, that rely on such incomplete yet abundant data? To address this, several

key studies are presented.

The first study, Leveraging Data Contributors to Enhance Social Welfare Through

Crowdsensing, examines how user-generated data can improve decision-making at service

facilities such as parking lots. By aggregating reported wait times, the platform provides

real-time estimates that help incoming users decide whether to enter. This research

determines the optimal fraction of data contributors needed to maximize the collective

benefit, social welfare, of facility users.

The second study, Route Choice Using Crowd-Generated Travel Time Information,

explores how crowdsensed travel times influence traffic assignment. Two critical factors,

contribution ratio (the proportion of travelers sharing data) and observation window (the

period over which data is collected), must be balanced to minimize network-wide travel

times. This study analyzes their effects on perceived travel risks and proposes solutions

to maintain their optimal values, ensuring efficiency in routing decisions.

The third study, Resource Allocation and Route Generation for Urban Mobile Sens-

ing, focuses on optimizing the number and routes of sensing agents, users carrying data

collection devices, to enhance efficiency. By determining the optimal number of agents

and their navigation paths, this study minimizes total travel costs while ensuring that

each parking spot is revisited within the specified headway constraints. A case study in
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Toronto demonstrates the practical applicability of the proposed optimization framework

for parking occupancy detection.

The fourth study, Implementing Parking Occupancy Detection Using Dashcam Footage,

develops a sensing system that analyzes dashcam video to detect real-time parking occu-

pancy. By applying advanced video processing techniques, this project provides dynamic

and scalable insights into urban parking availability. It aims to overcome the limitations

of traditional parking data collection tools, such as stationary cameras and sensors, which

face challenges related to installation, maintenance, and regulation. Instead, mobile tech-

nologies like dashcams, LiDAR, and ultrasound sensors offer a more scalable solution for

capturing on-street parking availability.

Together, these studies contribute to improving the efficiency of crowdsensing plat-

forms by analyzing the impact of three types of crowdsensed data: wait times, travel

times, and urban monitoring reports. These data types are examined across three dis-

tinct domains: service facilities (e.g., parking facilities), transportation networks (e.g.,

scenarios involving multiple modes of transportation or alternative routes with varying

congestion levels), and urban monitoring (e.g., parking availability detection, pedestrian

safety, and traffic flow monitoring). The research examines how access to such data influ-

ences individual decision-making, particularly in the presence of competing alternatives,

as well as its impact on overall system performance. Furthermore, it investigates the

factors affecting the accuracy and reliability of crowdsensed data in each domain and

explores how optimizing these factors can enhance both user experience and system-wide

efficiency.
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Chapter 1

CHAPTER ONE:

INTRODUCTION
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1.1 1.1 Background

This chapter introduces the concept of crowdsensing and explores its principles, advan-

tages, and diverse applications, highlighting its transformative potential in modern data-

driven environments. It also examines the importance and benefits of implementing ef-

ficient routing and parking management systems, which are crucial for addressing the

dynamic challenges of urban mobility and enhancing overall transportation efficiency.

1.1.1 Crowdsensing

Crowdsensing is a population-level data collection strategy that leverages the widespread

availability of sensing devices, such as smartphones, wearable gadgets, and onboard ve-

hicle sensors. By observing a subset of users within a specified experiment or context,

crowdsensing effectively gathers and aggregates real-time information on the system un-

der investigation. One primary advantage of crowdsensing is its scalability and cost-

effectiveness, as it eliminates the need for extensive infrastructure and significant capital

investments. However, crowdsensed data is often noisy, inaccurate, unstructured, and

heavily dependent on voluntary user contributions.

Crowdsensing has been adopted in various fields to improve data collection and anal-

ysis. For example, in clinical health trials, particularly cohort studies, research teams

recruit patients and gather data over several years to examine the development of par-

ticular diseases or traits and identify common behaviors among participants. A 2019

Canadian study monitored home care clients over the age of 55 using wearable devices

to assess frailty. These devices recorded daily step counts, sleep metrics, and heart rate.

The study showed that analyzing crowdsensed data effectively assessed frailty in older

home care clients and helped identify individuals requiring more intensive home care sup-

port. In contrast, traditional methods, such as interviews or surveys, have limited reach,

accuracy, and efficiency.

Google Maps leverages crowdsensing by collecting real-time data from users, including

location, travel speed, route information, and search queries, to generate network-level
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insights for navigation, wait-time predictions, crowd assessments, and identifying peak

hours for businesses. These insights directly support both individual and system-level

decision-making. For instance, users can choose less congested routes, avoid delays, or

adjust travel schedules based on predicted traffic conditions and crowd levels. Businesses

can respond to search and visitation trends by modifying operating hours or resource

allocation. Replicating such predictions without crowdsensing would involve considerable

investments to install sensors that track user movement, traffic patterns, and business

activities (Chadil et al. 2008).

Similarly, INRIX, a private location-based data and SaaS analytics provider, collabo-

rates with BMW to gather real-time parking availability data. As a BMW vehicle travels,

its onboard sensors capture information on open parking spaces. By aggregating the data

from multiple BMWs, the platform creates a digital map of parking availability. This en-

ables users to make informed decisions regarding where and when to search for parking,

reducing search time and easing traffic congestion. These use cases illustrate how crowd-

sensing not only improves the efficiency of data collection but also plays a critical role

in shaping real-time decision-making, leading to more adaptive, efficient, and user-centric

transportation systems.

1.1.2 Efficient Routing and Parking Navigation

With the advent of the automobile in the early 20th century, cities experienced a steady rise

in vehicle numbers, leading to traffic congestion. Early transportation systems relied on

rudimentary infrastructure, such as roads and railways, without real-time data integration.

Traffic control was limited to fixed timetables, traffic lights, and manual oversight, making

it difficult to adapt to sudden changes or unexpected incidents, which resulted in inefficient

routes and longer travel times (Streets.mn 2019).

Beyond routing, parking management has become an equally critical challenge in

urban mobility. Searching for on-street parking is time-consuming and frustrating, causing

congestion and increased urban pollution. Conventional parking systems, which rely on

static information, often fail to account for real-time availability, leading to inefficient

3



space utilization and prolonged search times.

Optimized traffic management systems distribute vehicles more evenly across city

streets, preventing bottlenecks at intersections and reducing travel times, ultimately maxi-

mizing the effectiveness of existing transportation infrastructure. Additionally, optimized

routing and parking strategies enhance the user experience by increasing convenience,

saving time, and reducing travel-related stress. From an environmental perspective, these

systems lower fuel consumption and emissions by directing drivers to optimal routes and

available parking spaces, contributing to better air quality and a reduced transportation

carbon footprint.
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1.2 Research Motivation

In the following sections, we explain how crowdsensing overcomes traditional transporta-

tion system limitations. We first show that static, historical data-based models fail to

adapt to real-time events and scale with urban growth, whereas crowdsensing offers con-

tinuous, dynamic data collection. We then discuss the balance between user privacy,

participation, and system performance.

1.2.1 The Power of Crowdsensing

Traditional transportation systems that rely on historical data or pre-set models for

decision-making often fail to account for real-time events—such as accidents, sudden

traffic spikes, unplanned road closures, or fluctuations in curbside occupancy—that can

quickly render previously efficient routes congested or blocked. Consequently, these sys-

tems lead to suboptimal routing decisions, inefficiencies, and increased travel times. In

contrast, crowdsensing continuously collects up-to-date information on traffic conditions

and parking availability, enabling routing systems to adjust dynamically to unexpected

events, thereby reducing delays and mitigating congestion.

Moreover, traditional systems struggle to scale in the face of urban growth and in-

creased vehicle volumes. Manual monitoring, semi-automated systems, and stationary

sensors become quickly overwhelmed by the growing demand for both road capacity and

parking spaces. These systems typically lack the capability to integrate diverse sources of

real-time data, such as traffic sensors, GPS devices, or crowdsourced information, limiting

their ability to offer comprehensive, dynamic solutions at scale. Crowdsensing overcomes

these scalability challenges by leveraging the widespread use of smartphones, wearable

devices, and connected vehicles. This decentralized approach not only captures granular,

real-time data directly from individual users, drivers, bikers, and pedestrians, but also

does so without the need for extensive infrastructure investments. As a result, crowd-

sensing naturally scales with urban growth and supports the development of adaptive,

comprehensive transportation management solutions that are both responsive and cost-
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effective.

Advancements in IoT, smartphone technology, and next-generation connectivity have

further elevated the potential of crowdsensing in transportation. Modern smartphones,

equipped with GPS, accelerometers, gyroscopes, and constant internet access, allow nearly

every user to contribute detailed, real-time data on movement and road conditions. More-

over, IoT devices, including connected cars, smart parking sensors, and traffic infrastruc-

ture, integrate seamlessly with crowdsensing platforms, providing additional layers of data

on traffic patterns and road quality. The advent of 5G networks has been particularly

transformative, enabling faster data transmission and lower latency that support large-

scale, instantaneous updates.

1.2.2 Balancing User Privacy, Participation, and Performance

The volume and consistency of collected data on crowdsensing platforms depend on users’

willingness to contribute data. Growing concerns about user privacy have led companies

like Apple and Google to implement strict controls over data sharing. For instance, iPhone

users can select from multiple privacy options, including “Don’t Allow” (which denies

all access), “Allow Once” (granting temporary access), “Allow While Using the App”

(permitting access only during app usage), and “Allow Always” (enabling continuous

background access). While these measures empower users to protect their privacy, they

also challenge planners to develop strategies to motivate users to agree on sharing data.

Beyond privacy, several other concerns complicate the widespread adoption of crowd-

sensing. A key issue is technology bias, as data contributors are more likely to use newer,

more advanced devices. This skews the dataset and may lead to the under representation

of users with older technologies, often including low-income populations or individuals in

rural areas, thereby limiting the generalization, inclusiveness, and fairness of the insights

derived from the data. Moreover, security risks extend beyond mere privacy violations.

Crowdsensing systems are susceptible to malicious attacks, including data spoofing, ma-

nipulation, and even breaches of connected devices and vehicles.

Moreover, increasing the proportion data contributors aiming at closing the gap be-
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tween crwodsensed data and real-time data does not always result in reduced social costs

from a planner’s perspective. Access to real-time travel data can cause many travelers to

converge on the same routes, departure times, and available parking spots, a phenomenon

known as the Informational Braess’ Paradox (IBP) (Acemoglu et al. 2018), where addi-

tional information paradoxically worsens congestion and delays. Therefore, planners must

understand the factors that determine the efficiency of a crowdsensing platform in order

to manage the flow of user-generated data and assess how adjustments to these factors

impact data accuracy and overall system performance.

1.3 Research Objectives

This thesis investigates innovative approaches to enhance parking management and rout-

ing applications by strategically deploying crowdsensing platforms. It is organized around

the following objectives, each addressing key challenges in leveraging real-time, user-

generated data to improve transportation system performance.

• Analyze the impact of disseminating user-generated wait time information (e.g.,

queue lengths in parking searches and travel times in routing) on user decision-

making, overall system performance, and social welfare.

• Identify and optimize factors affecting the accuracy of crowd-generated wait time

information. Establish the optimal level of user contribution in crowdsensing plat-

forms to enhance social welfare, while safeguarding privacy and ensuring equitable

access, and assess the effectiveness of contribution reward mechanisms in sustaining

this optimal participation.

• Evaluate behavioral differences between users who access paid real-time wait time

information and those who rely on free, crowd-generated data, with a focus on

how risk sensitivity and wait time variability affect their trust and reliance on the

information.

• Develop a practical framework for parking occupancy data collection using dashcam
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footage and optimize resource allocation in crowd-generated data collection tasks.

• Provide strategic recommendations for service providers to effectively manage and

enhance crowdsensing platforms.

The above objectives are examined through the following studies:

1.3.1 Leveraging Data Contributors to Enhance Social Welfare Through Crowd-

sensing

Many service facilities, such as parking lots, allow customers to report their waiting times

via crowdsensing platforms. By aggregating these reports, the system produces real-time

wait time estimates that help incoming users decide whether to enter the facility. This

study focuses on understanding how timely information influences user decisions and on

determining the ideal proportion of data contributors required to maximize overall social

welfare.

In this study, the impact of customer access to user-generated queue length (QL)

information on social welfare is analyzed when only a fraction of customers contribute

their observed QL. A single-server queue is modeled in which strategic customers decide

whether to join based on the information available through crowdsensing. In a two-

stage model, customers first decide whether to check a public online platform (POP)

containing shared QL data, similar to assessing a restaurant’s reputation based on previous

diners’ feedback. Customers choose to observe the queue if the expected benefit of the

crowdsensed information exceeds the cost of monitoring it. In the second stage, a decision

is made to join or balk based on whether the service reward outweighs the expected waiting

costs, with the possibility of sharing their QL after observing the queue. The analysis

further examines how the data contributors ratio influences system dynamics and overall

performance.

1.3.2 Route Choice Using Crowd-Generated Travel Time Information

Accurate travel time estimation in traffic management depends on two critical factors:

the contribution ratio (the proportion of travelers sharing their data) and the observation
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window (the duration over which data is collected). This objective aims to identify the

optimal balance between these factors to minimize network-wide travel times. It also

explores the impact of these parameters on travelers’ perceived risk and develops strate-

gies to sustain optimal data contribution levels, thereby enabling more efficient routing

decisions.

This study focuses on transportation networks that rely on crowd-generated travel data

(CTD) to minimize network-wide travel times while accounting for users’ data-sharing

preferences and the reluctance of some travelers to share their information. The network

under consideration offers two options: one with a fixed and known travel time, termed the

“safe road,” and another with a stochastic travel time, referred to as the “random road”

(Verhoef et al. 1996, Liu et al. 2018, Liu and Yang 2021). Although all travelers have free

access to CTD, only a subset chooses to share their travel data. The analysis examines the

impacts of free access to CTD on route choices by focusing on the contribution ratio and

observation window. It also investigates whether the conclusions of Yang (1998) hold in a

user-generated data-driven traffic network—that is, whether increasing the contribution

ratio decreases overall travel time—and evaluates how traveler risk levels, particularly

sensitivity to variability on the random road, affect decision-making. Furthermore, the

study considers a scenario in which travelers can pay to access real-time travel information

and analyzes how this option interacts with the contribution ratio and traveler behavior.

Lastly, the effect of providing a contribution reward for those who share travel data is

explored, with the goal of enforcing the optimal contribution ratio.

1.3.3 Resource Allocation and Route Generation for Urban Mobile Sensing

To monitor an urban area through crowdsensing, this study focuses on optimizing both

the number of sensing agents equipped with sensing devices and their corresponding data

collection routes. The objective is to minimize total travel costs while satisfying sensing

frequency constraints, which are essential for efficient and reliable data collection. An

urban area is modeled as a network, where nodes represent data collection locations and

edges denote paths between them. These edges form closed routes that agents follow to
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collect data. An optimization model is used to determine both the optimal number of

agents and their routes, aiming to minimize total travel time while satisfying the required

data collection frequency. Since obtaining an exact solution is computationally expensive

and time-consuming, a heuristic algorithm is developed to efficiently find an approximate

solution. The algorithm begins by applying K-Means clustering to partition the set

of nodes into clusters. This clustering step groups nodes based on proximity, facilitating

efficient route planning. Within each cluster, the Nearest Neighbor Algorithm is employed

to determine the movement sequence by iteratively selecting the nearest unvisited node,

thereby minimizing the total travel distance. Finally, a linear resource allocation model

is solved to determine the optimal number of agents for each route, subject to headway

constraints and the total number of available agents.

1.3.4 Implementing Parking Occupancy Detection Using Dashcam Footage

This study develops a sensing solution that analyzes dashcam footage to detect parking

occupancy. By employing advanced video processing techniques, the system delivers dy-

namic, real-time parking insights, offering a scalable and effective tool for urban parking

management. To perform this task, the YOLOv8 model by Ultralytics, trained on the

COCO dataset for rapid and accurate object detection in video feeds is employed. This

model detects various types of vehicles and people, while annotation tasks, such as defin-

ing detection zones, drawing bounding boxes, and blurring faces for privacy, are managed

using the open-source Supervision library by Roboflow. Geofencing is implemented to

create virtual boundaries around specific areas, such as streets between intersections, en-

abling more precise monitoring of parking availability. GPS metadata is extracted from

videos using ExifTool and, when necessary, converted to the standard decimal degrees

format used by Google Maps. Synchronizing the video and GPS data ensures that object

detection is initiated and terminated at the correct moments.

Dashcam footage serves as input to the object detection model, with emphasis on

the bottom half of each frame where parked vehicles are likely to appear. In designated

geofenced areas, the detection model is activated to assign unique IDs to vehicles and count
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them cumulatively, thereby providing an accurate measure of parked vehicles. When the

camera exits these zones, such as at intersections, the detection model is deactivated

and the accumulated count is reset. This process, combined with privacy measures such

as blurring detected persons, enables continuous, accurate counting of occupied parking

spaces while protecting individual privacy.
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1.4 Review of Existing Literature

1.4.1 Crowdsensing in Transportation Systems

Crowdsensing, defined as data collection through individual contributions from a large

user base, has increasingly been applied to monitor real-time transportation data. Stud-

ies have shown that crowdsensing provides a scalable and efficient alternative to traditional

data collection methods, which are often hindered by high costs and limited by infras-

tructure constraints (Li et al. 2017). By leveraging users’ mobile devices, GPS data, and

vehicular sensors, crowdsensing applications can generate up-to-the-minute insights on

traffic patterns, road incidents, and parking availability.

Li et al. (2017) highlight that while crowdsensing offers real-time traffic information,

it also faces several notable challenges. Key among these are data accuracy, privacy con-

cerns, and user participation levels. In particular, crowdsensed data may suffer from noise

or inconsistencies due to variations in sensor quality or user engagement, making robust

data processing algorithms essential (Ma et al. 2017b). Ensuring high-quality data often

requires techniques such as outlier detection, sensor calibration, and data fusion algo-

rithms capable of reconciling disparate sources (Ganti et al. 2011). Additionally, privacy

concerns arise when users share location or movement data; methods like differential pri-

vacy, k-anonymity, and location obfuscation can help mitigate these risks (Shi et al. 2021,

Zhang et al. 2020b).

Another critical factor in achieving effective crowdsensing is maintaining user partici-

pation at a sufficient level to produce representative insights. Existing research shows that

gamification strategies, monetary rewards, or social incentives can encourage more users

to share data, improving coverage and reliability (Du et al. 2017, Lee et al. 2018). For

instance, Waze successfully employs a points-based system that rewards users for report-

ing traffic incidents, road closures, and other relevant information (Chen 2019). However,

sustaining participation over time remains a challenge, particularly when users perceive

minimal benefit from contributing (Lee et al. 2018).

Beyond traffic monitoring, crowdsensing has shown significant potential for improving
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parking management. By aggregating data from drivers and their onboard sensors, real-

time mapping of parking availability can be achieved, reducing the time spent searching

for spaces and alleviating congestion (Liang et al. 2019, Shi et al. 2021). Crowdsensed

parking solutions may integrate with existing navigation applications to direct users to

vacant spots, thus enhancing both user satisfaction and overall traffic flow. Nonetheless,

integrating such parking data often requires overcoming interoperability issues between

various platforms and ensuring a consistent data format (Aguila et al. 2019).

Recent advancements in mobile computing, cloud infrastructure, and Internet of Things

(IoT) devices have further enabled large-scale crowdsensing in transportation. For exam-

ple, high-speed mobile networks (4G/5G) and edge computing architectures can accom-

modate the rapid exchange of large data volumes, reducing latency and improving the

responsiveness of crowdsensed applications (Li et al. 2019). Connected vehicle technolo-

gies, such as Vehicle-to-Everything (V2X) communication, have also begun to enhance

data sharing among vehicles, roadside units, and central servers, paving the way for more

granular and adaptive traffic management systems (Abboud et al. 2016).

Taken together, these studies underscore the growing recognition of crowdsensing

as a viable, cost-effective approach to modern transportation management. Despite its

promises of scalability and real-time insight, widespread adoption hinges on addressing

challenges related to data quality, privacy, interoperability, and sustained user partic-

ipation. Consequently, research continues to evolve new incentive mechanisms, robust

data-processing techniques, and privacy-preserving algorithms to fully harness the poten-

tial of crowdsensing in transportation networks.

1.4.2 Routing Optimization Through Crowdsensing

Routing optimization has been a central focus in transportation research, with notable

advancements arising from the integration of crowdsensed data. According to Zhang et al.

(2020a), routing applications that rely on real-time information contributed by road users

enable more adaptive and efficient route planning. By continuously updating traffic con-

ditions from multiple data sources, including smartphones and in-vehicle sensors, these
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applications can rapidly detect congestion, accidents, or other disruptions, guiding travel-

ers toward less congested routes. This dynamic approach is particularly advantageous in

densely populated urban environments, where traffic patterns can change rapidly and un-

predictably, often resulting in reduced travel times and more balanced traffic distribution

across the network.

Chen et al. (2018) build on this concept by demonstrating how predictive models and

machine learning algorithms can enhance adaptive routing systems. Their study shows

that crowdsensing not only offers instant feedback on current traffic conditions, but also

facilitates forecasting of emerging congestion patterns. By analyzing large volumes of

user-generated data, the system can predict when and where bottlenecks are likely to oc-

cur, thereby suggesting alternate routes in advance of severe congestion. Such proactive

routing strategies have been shown to outperform traditional, static routing algorithms.

However, the authors emphasize that the effectiveness of predictive models is heavily

dependent on sufficient data volume and quality, underscoring the need for robust user

participation. Inconsistent or incomplete crowdsensed information can skew the predic-

tions, ultimately limiting the practical benefits of adaptive routing solutions (Chen et al.

2018).

Recent research has further investigated the interplay between crowdsensing and ad-

vanced optimization techniques. For instance, some studies apply evolutionary algorithms

or metaheuristics to identify near-optimal routing solutions in complex urban networks

(Kim et al. 2019, Xu et al. 2020). Others highlight the importance of combining crowdsens-

ing with edge computing infrastructures, enabling localized data processing that reduces

latency and minimizes bandwidth requirements (Li et al. 2020). Despite the computa-

tional advantages, these approaches also introduce challenges related to data privacy and

security, which can affect the willingness of users to participate and the accuracy of the

information collected. Ensuring robust encryption and anonymization techniques can help

overcome these obstacles, thereby fostering an environment in which crowdsensed data

can be shared confidently (Wang et al. 2021).

Taken together, these studies highlight the considerable potential of crowdsensing for
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dynamic and predictive routing optimization. By integrating up-to-date, user-generated

data with advanced computational techniques, researchers and practitioners can develop

systems capable of adapting to rapidly changing urban traffic conditions. However, the

efficacy of these systems depends on consistent, high-quality data contributions from

a sufficiently large user base. In turn, addressing privacy concerns, maintaining user

engagement, and leveraging scalable architectures all remain critical factors for the long-

term success of crowdsensing-based routing solutions.

1.4.3 Parking Management Using Crowdsensing

Parking availability and navigation remain critical challenges in urban mobility, often

resulting in increased congestion and emissions as drivers circle in search of open spots.

Crowdsensing has emerged as a promising solution by aggregating real-time data from

individual drivers. Wang et al. (2019) demonstrate the effectiveness of a real-time parking

guidance system that leverages crowdsensed data to predict parking availability in popular

urban areas. Their findings indicate a significant reduction in both search time and

emissions associated with parking-related congestion.

The collaboration between INRIX and BMW provides a practical illustration of crowd-

sensing in industry applications (INRIX). By installing sensors in BMW vehicles to detect

open parking spaces, INRIX compiles a digital map of available spots in real time, thereby

enhancing parking navigation. Other studies extend this approach by incorporating pre-

dictive analytics and machine learning to estimate future parking occupancy based on

historical and crowdsensed data (Freedman et al. 2018, Liu et al. 2020). These meth-

ods can further optimize parking resource allocation, particularly when integrated into

broader smart city systems.

Despite these advances, several challenges remain in implementing crowdsensed park-

ing management. First, ensuring a sufficient number of participating users is vital, since

the accuracy and coverage of crowdsensed data diminish when participation levels are low

(Aguila et al. 2019). Second, privacy considerations arise when collecting and sharing

real-time location data from drivers (Smith et al. 2020). Lastly, the interoperability of
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different crowdsensing platforms can hinder the seamless exchange of parking information

among diverse applications and services. Nevertheless, as more cities prioritize sustain-

able mobility and adopt innovative technologies, crowdsensing remains a powerful tool in

addressing parking-related issues.
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1.5 Structure of the Thesis

The remainder of this thesis is organized into four main chapters, each focusing on a

key aspect of optimizing crowdsensing platforms for intelligent transportation systems.

Each chapter begins with an overview, followed by an introduction outlining the research

motivation, objectives, and a review of related literature. The main body presents the

methodology, analysis, and key findings, and concludes with a discussion on practical

implications and potential extensions. The thesis concludes with a final chapter sum-

marizing the key insights, discussing broader implications, and outlining future research

directions. Supplementary materials and additional results are provided in the appendix.

Chapter ?? examines the impact of user-generated data on system performance. It

presents a theoretical framework that analyzes user behavior when accessing shared wait-

ing time data. The chapter determines the optimal level of user participation and proposes

mechanisms to balance social welfare and data privacy.

Chapter ?? focuses on optimizing traffic assignment by leveraging real-time, crowd-

generated travel time data. It develops a route choice model that considers the trade-offs

between data accuracy, user contribution levels, and system-wide efficiency. The chapter

examines risk perception’s impact on user decisions and evaluates strategies to optimize

data contribution.

Chapter ?? presents an optimization framework for resource allocation in crowdsensed

parking data collection. This framework determines the optimal number of mobile sensing

agents and their navigation routes while minimizing travel costs and ensuring timely data

updates.

Chapter ?? proposes a system that leverages dashcam footage from connected vehi-

cles to detect parking occupancy in real time. The approach integrates video analytics,

edge computing, and geofencing to automate data capture and enhance spatial coverage

without requiring fixed infrastructure.
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Chapter 2

CHAPTER TWO: LEVERAGING

DATA CONTRIBUTORS TO

ENHANCE SOCIAL WELFARE

THROUGH CROWDSENSING
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2.1 Chapter Overview

Problem definition: Crowdsensing collects data from individuals participating in an ac-

tivity to obtain information about a system, eliminating the need for costly data collection

infrastructure. Examples include Google Maps, which tracks users to infer network travel

times for applications like navigation or clinical experiments where a population sample

is monitored to track health trends, such as the spread of infectious diseases or lifestyle

habits. This chapter seeks to answer whether increasing crowdsensing data providers

is always socially beneficial in congestion-sensitive systems like queues. Methodol-

ogy/results: We use a single-server queue with Poisson service demand and completion

rates to examine how social welfare changes based on the ratio of crowdsensing data con-

tributors. We assume all customers have free access to crowdsensing information, but only

a subset reports their observed queue length. We analyze the impact of data contributors

on customer decisions to join a queue in a two-stage decision-making process. Manage-

rial implications: The effect of data contributors on social welfare is influenced by the

system load factor. When the load factor is high, there exists an optimal ratio of data con-

tributors. Increasing the data contribution beyond its optimal leads to frequent updates

about the queue, which encourages customers to join at every opportunity, increasing wait

times and reducing social welfare. Below the optimal value, the system cannot provide

accurate enough information to customers, which leads to socially inefficient decisions. In

contrast to high demands, social welfare increases monotonically with the ratio of data

contributors in low-load factor systems as it avoids congested queues. Furthermore, the

findings suggest that providing public access to crowdsensing information without manda-

tory data contributions maximizes social welfare. In contrast, restricting customer access

to crowdsensing information diminishes social welfare and reduces system throughput.
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2.2 Introduction

Crowdsensing is a data collection strategy that leverages the ubiquitous presence of indi-

viduals engaged in a particular activity. Crowdsensing aims to track a sample of agents

in a defined experiment to collect and aggregate information about that experiment or

system. The distinctive advantage of crowdsensing is its scalability and cost-effectiveness,

eliminating the need for extensive infrastructure and substantial financial investments,

often motivated by the collection of population-level information.

Google Maps leverages crowdsensing by tracking real-time data from users willing to

share their information (including their location, activity types and duration) to obtain

network-level information for applications such as navigation. Google Maps also predicts

wait times, crowding levels, and peak hours for listed businesses, assisting users in plan-

ning their visits. Replicating Google’s predictions without crowdsensing would require

substantial investments in installing sensors across various locations, each tasked with

gathering data on user movements, traffic patterns, and business activities (Chadil et al.

2008). Similarly, INRIX, a private location-based data and software-as-a-service analytics

provider, uses crowdsensing in collaboration with BMW to detect and transmit real-time

information about parking availability. As a BMW vehicle drives, its onboard sensors

collect data on parking availability. By aggregating this information from cruising BMW

vehicles, a digital map of parking availability is created, improving parking navigation for

all BMWs.

Crowdsensing is also implemented in clinical health trials, specifically in cohort studies

where a research team recruits patients and collects information related to specific diseases

over several years to investigate the development of specific traits or diseases and discover

common behaviors among participants. In a Canadian research study conducted in 2019,

home care clients aged 55 years and older were recruited to be monitored by wearable

devices to assess frailty. The wearable devices collected data, including daily step counts,

sleep metrics, and heart rate. According to the study, the analysis of the crowdsensing

data effectively assessed frailty in older home care clients, aiding in identifying vulnerable
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individuals requiring additional home care services. In contrast, traditional methods like

interviews or surveys exhibit limited reach, accuracy, and efficiency, potentially introduc-

ing biases (Kim et al. 2020).

At service facilities, a subset of customers who are willing to share their waiting times

on a crowdsensing platform can assist others in making decisions about joining queues by

helping them predict wait times. For instance, Abouee Mehrizi et al. (2021) consider a

queue with an unknown service capacity, and customers contribute to reviews regarding

service speed on a platform. The service reviews are accessible to subsequent customers

and help them make informed joining decisions by inferring the service capacity. The

sample size is the number of shared reviews incoming customers use to estimate service

capacity. Their study investigates the impacts of sample size on throughput, social welfare,

and revenue.

With a similar motivation, Wang and Hu (2020) study a service where customers gain

access to shared queue length (QL) data from preceding customers before entering a sys-

tem. In return, they are required to contribute QL data to assist future customers in their

joining decisions. They show that the user-generated QL influences queue entry decisions

and reduces waiting times by helping customers avoid congested queues. Furthermore,

they demonstrate that sharing QL data enhances social welfare compared to scenarios

without QL information. They show that in some instances, user-generated QL proves

more advantageous to social welfare than providing real-time QL data to customers.

Data contributors, i.e., customers who share their observed QL after entering a sys-

tem, serve as the primary resource in crowdsensing by ensuring reliable data flow. The

efficacy of a crowdsensing platform and the credibility of its amassed data rely directly

on data contributors. The active participation of customers in contributing data hinges

on various factors, such as their access to mobile devices and their consent to share data.

Moreover, the regulatory approach influences whether customers feel obligated to share

their data in exchange for access to the inferences derived from the data provided by con-

tributing customers. The existing literature does not thoroughly explore how the ratio of

data contributors affects system performance, an aspect that could provide insights into
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motivating more customers to contribute data. Additionally, with the widespread use of

social media, it is irrelevant to make the data contribution mandatory to accessing shared

data. Therefore, the focus should shift to recognizing the significance of data contributors

over data consumers.

This study examines the impact of customer access to user-generated QL information

on social welfare when only a fraction of customers visiting a system contribute data

by sharing their observed QL. To achieve this, we consider a single server queue facing

strategic customers who decide whether to join a system based on the information available

through crowdsensing. We present a customer choice through a two-stage model, where

customers strategically aim to maximize utility. In the first stage of “Enter-or-Leave,”

customers check a public online platform (POP) that contains shared QL data by previous

contributors. This is similar to when customers assess the QL of a local restaurant based

on information shared by others who have been there and use this feedback to decide

whether to dine in or choose another food provider. Customers choose to observe the

queue if the expected utility from the crowdsensing information outweighs the access

cost, representing the effort required to monitor the queue. In the “Join-or-Balk” stage,

customers observe the QL and join the queue if the service reward outweighs expected

waiting costs; otherwise, they opt out. We assume customers may decide to share QL

information on the POP after observing the queue.

We explore the impact of the data contributors ratio on the system dynamics and

performance. Initially, we investigate how shared QL information influences a customer’s

decision to enter or bypass the system. Subsequently, we analyze the system’s social

welfare based on the data contributors ratio. We show that the impact of the data

contributors ratio on social welfare depends on the load factor. In less popular services

with lower load factors, data contributors enhance social welfare by providing frequent

congestion updates on the crowdsensing platform, allowing customers to make informed

choices and avoid high congestion. In contrast, services with high load factor benefit from

maintaining a threshold on the ratio of the data contributors. Exceeding this threshold

leads to longer queue wait times for customers. When the data contributors ratio surpasses

22



this threshold, customers are willing to pay the access costs, even during high congestion.

This leads to a continuous influx of customers and prevents queue depletion. As a result,

the findings suggest that less popular service providers should consistently encourage data

contribution, while popular providers, facing a high load factor, should regulate the ratio

of data contributors. This regulation eliminates the need for additional investments in

universal data participation. Additionally, our research underscores the importance of

acknowledging the reduction in social welfare that occurs when access to a crowdsensing

platform is restricted.

The chapter is organized as follows: a review of related studies in Section 3.3, the

mathematical model in Section 3.4, presentation of the results on social welfare in Section

2.5, a discussion on the heterogeneity among customers in terms of access to the POP in

Section 3.5, and the conclusion in Section 3.6.
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2.3 Literature Review

In queueing systems, the availability of QL information to customers before they decide

to join the queue is explored in two streams of observable and unobservable queues. Naor

(1969) pioneers the study of observable queues, where customers have real-time access

to QL information and join only when QL falls below a specific threshold. Edelson

and Hilderbrand (1975) introduce the concept of unobservable queues, where there is no

access to QL information, and develop a Nash-equilibrium strategy in which each customer

optimally decides whether to join based on expectations of congestion, assuming all others

behave similarly.

Disseminating QL information offers several advantages to incoming customers. Whitt

(1999) claims that QL-based predictors outperform delay-history-based predictors because

they use real-time system data, including arrival rate, abandonment rate, and server

count, whereas the latter relies just on recent customer delay history. Similarly, Pender

et al. (2018) study how QL announcements provide customers with valuable information

about their wait times, thus influencing their decision to either return for future service

or continue waiting for their current service.

When real-time QL information provision is impractical due to the associated high

costs, an alternative approach is to substitute real-time information with delayed infor-

mation. For example, a theme park seeking to enhance visitor experiences by providing

real-time QL information opts for cost savings by using delayed updates (e.g., every

15 minutes) instead of continuous monitoring. Delayed information refers to the time

lag between obtaining real-time QL data and a customer’s queue participation decision.

Kaul et al. (2012) coin the delay in disseminating real-time QL as the age of information

(AoI) and aim to determine its optimal value in an M/M/1 queue, a standard model

where arrivals follow a Poisson process, service times are exponentially distributed, and

a single server serves the queue. However, Li and Liu (2019) demonstrate that selfish

user behavior can significantly increase AoI levels if the system is poorly designed. This

underscores the importance of developing effective reward mechanisms to motivate cus-
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tomers to share QL information promptly, with the goal of minimizing both AoI and

queue congestion. Subsequently, Huang and Modiano (2015) extend AoI optimization to

multiclass M/G/1 queue, allowing general service times, and in the capacity-constrained

case, as an M/G/1/1 queue where arriving users are blocked if the server is busy.

To gain a deeper understanding of QL information distribution, it is beneficial to

investigate its effects in the context of variability in customer information levels. Kremer

and Debo (2016) examine a system where some customers (referred to as uninformed)

lack knowledge about product quality, while others (referred to as informed) possess this

knowledge and use QL as an indicator of service quality. They show that low-quality firms

do not benefit from having more informed customers since low QL signals poor quality.

Within the same context, Hu et al. (2018) investigate a system where not all customers

have real-time access to QL information. They demonstrate that achieving optimal social

welfare depends on maintaining a specific balance between the fraction of informed and

uninformed customers.

As social media and information-sharing applications continue to expand, service

providers increasingly rely on the voluntary participation of the user community to collect

and share information regarding the service queue congestion levels (Li and Liu 2019).

Using user-generated QL information aligns with incorporating delayed information into

the decision-making process. Some studies assess the effectiveness of user-generated QL

information compared to real-time QL dissemination, which involves providing users with

continuously updated, current QL information. Wang and Hu (2020) compare the impact

of three types of QL access on social welfare: real-time QL access, access to user-generated

QL, and zero access to QL. They assume a sharing obligation exists for customers access-

ing user-generated QL, requiring them to contribute by sharing their observed QL. Their

study shows that when more customers share QL information, it boosts social welfare by

decreasing the number of customers entering the system during long queues. Additionally,

they demonstrate that access to user-generated QL in specific settings is more beneficial

than access to real-time QL.

Figure 2.1 summarizes the related literature on disseminating QL information to cus-
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tomers and highlights the gap in the existing literature addressed by this study. The

x-axis illustrates the proportion of customers contributing by sharing QL information,

while the y-axis depicts the percentage of customers utilizing the provided QL informa-

tion (whether by the service provider or prior customers) to decide on queue entry. The

solid line, denoted as [4], outlines the focus of our study. Specifically, this study focuses

on utilizing user-generated QL information in queue participation decisions. In real-world

crowdsensing setups, not all users participate in sharing QL information, and there is

no reciprocal requirement for those accessing the shared QL to contribute QL updates.

Therefore, we assume all customers have homogeneous access to the shared QL, updated

by a fraction of previous customers who have observed the queue. We investigate how

variations in the ratio of QL information contributors impact social welfare. Furthermore,

we simulate a system in which only a fraction of customers have access to the crowdsens-

ing platform and use the available information to make their joining decisions, with some

of them contributing QL data. The remaining customers decide whether to join the queue

without prior access to this information. This scenario corresponds to the top triangle in

Figure 2.1.

Figure 2.1: Study of customers access to and contribution in QL information in the
literature
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2.4 Queueing Model with Strategic Behavior and In-

formation Sharing

We consider a single-server queue with service times distributed exponentially, having a

mean of 1/µ, operating on a first-come-first-served basis. Service requests follow a homo-

geneous Poisson process with a rate of λ per unit of time. Customers are strategic and will

balk if they see a crowded service area. Two classes of customers exist: contributors who

share QL information and non-contributors who do not. Together, they make up a ratio

of β and (1−β) of the total service requests, respectively. Accordingly, the service request

rate of contributors and non-contributors is λe = βλ and λu = (1− β)λ, respectively.

Upon arrival at the queue, contributors post their observed QL, denoted as ϕ, including

themselves, if they join the queue, along with the observation timestamp, represented as

T , on the POP. From this point forward, the observed QL shared by a contributor, ϕ,

is called the reported congestion. We assume there are no extra costs for contributors,

and they are not charged an additional fee for posting ϕ and T on the POP. In contrast,

non-contributors do not share their observed QL with others, regardless of their decision

about joining the queue.

All customers have free access to the information contributors share on the POP,

including the reported congestion and observation timestamp. If a customer decides to

observe the QL, they will incur an access cost, denoted by h, regardless of their class.

Access cost accounts for a customer’s time and monetary expenses to observe the QL.

After observing the QL, if a customer decides to join the queue based on the real-time QL,

they will incur a marginal waiting cost per unit of time, denoted by c. This cost accounts

for the time they spend waiting in the queue and receiving service and is applicable to both

contributors and non-contributors. Upon service completion, customers receive a reward,

denoted by R. The service provider charges no service fee. We assume the parameters

are public knowledge and, without loss of generality, that µ = 1.
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2.4.1 Second Stage: Join or Balk

Given the reported congestion, customers will observe the real-time QL if they decide to

enter the system. We assume that customers are strategic and aim to maximize their

expected utility. The expected utility of joining a system with n customers, denoted as

Ujoin(n), is determined by subtracting the expected waiting cost of the sojourn time in

the system from the service reward, thus

Ujoin(n) = R− c(n+ 1)

µ
. (2.1)

If the number of customers in the queue, including the one currently receiving service,

exceeds a predefined threshold, denoted as K, customers choose not to join the queue.

This threshold on the QL ensures that the customer’s waiting cost does not exceed the

service reward. Thus, considering (2.1), we get

K =

⌊
Rµ

c

⌋
, K ⩾ 1, (2.2)

where ⌊x⌋ denotes the largest integer less than or equal to x.

During the join-or-balk stage, contributors share the observed QL, including them-

selves, if they decide to join, along with their observation timestamp on the POP. Suppose

a contributor enters the system and observes n other customers in the queue. If n < K,

they will join the queue and report ϕ = n+1. If n = K, the contributor will post ϕ = K

on the POP and balk. Therefore, 1 ⩽ ϕ ⩽ K.

2.4.2 First Stage: Enter or Leave

Upon a service request at time T ′, a customer decides whether to enter the system and

observe the real-time QL or leave. They base this decision on the most recent QL infor-

mation shared on the POP by a contributor at time T , where T < T ′. Let δ denote the

time difference between a service request and the most recent QL update on the POP.

Note that the time difference δ = T ′ − T is an endogenous random variable specific to
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each customer. As per the δ definition, only non-contributors enter the system during

the time interval δ, while both contributors and non-contributors can receive service and

depart. Consequently, if the reported congestion at time T is ϕ, the number of customers

in the system at time T ′ ranges from zero to the maximum QL, K.

Provided with values of (ϕ, δ), customers perceive the probability of the queue con-

taining fewer than K customers, allowing them to join the queue and receive the service.

Additionally, they estimate their expected waiting time in the queue. These estimations

enable them to assess their expected utility for entering the system after incurring the

access cost, denoted as Uenter(ϕ, δ). The expected entrance utility, Uenter(ϕ, δ), captures

the expected net value that a customer would gain from entering the system, assuming

the most recent QL update ϕ occurred δ time units ago on the POP.

Let Γ(t) be the random variable indicating the number of customers in the system

at time t, where 0 ⩽ Γ(t) ⩽ K. If Γ(t) = n is less than K, the expected utility is

the expected utility of receiving service from a system having n customers in the queue,

minus the access cost. In contrast, when Γ(t) equals K, a customer has to balk, wasting

the access cost and earning a utility of -h. Therefore, given (ϕ, δ), the expected entrance

utility is calculated as follows:

Uenter(ϕ, δ) =

[
K−1∑
n=0

p
{
Γ(T ′) = n|Γ(T ′ − δ) = ϕ

}(
R− c

n+ 1

µ
− h

)]
(2.3)

− p
{
Γ(T ′) = K|Γ(T ′ − δ) = ϕ

}
h, δ ⩾ 0, 1 ⩽ ϕ ⩽ K,

where p
{
Γ(T ′) = n|Γ(T ′− δ) = ϕ

}
denotes the probability that the number of customers

in the system changes from ϕ to n ∈ {0, 1, 2, . . . , K} during the time interval δ. In the

context of an M/M/1/K queue, Morse et al. (1958) provided the first exact analysis for

this transition probability. A proposed alternative solution by Takács (1962) can be found

in Section A. 1 of the appendix.

When we set the timestamp of the most recent QL update, T , to zero, the service

request time T ′ equals the time difference δ. After applying this simplification to (2.3),
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we get:

Uenter(ϕ, δ) = R− c

µ

(
E[Γ(ϕ, δ)]+1

)
−Pϕ,K(δ)

(
R− c

µ
(K + 1)

)
−h, δ ⩾ 0, 1 ⩽ ϕ ⩽ K,

(2.4)

where E[Γ(ϕ, δ)] denotes the expected congestion, i.e., the expected number of customers

in the system δ time units after the most recent QL update ϕ. Additionally, the transition

blocking probability, denoted as Pϕ,K(δ), signifies the probability of a customer encoun-

tering the maximum QL when requesting service δ time units after the most recent QL

update ϕ on the POP.

A positive expected entrance utility means that the effort a customer invests in ob-

serving the QL by incurring the access cost and waiting in the queue will pay off, as the

reward of receiving the service outweighs the hassle and waiting costs. Therefore, if a

customer’s expected entrance utility is greater than or equal to zero, they will progress to

the second stage by paying the access cost h, which is incurred immediately after passing

the first stage. On the other hand, if the expected costs outweigh the reward, a customer

would have no motivation to enter the system. Hence, if a customer’s expected entrance

utility is negative, they will leave.

Only non-contributors might enter the system during the time interval δ. Therefore,

we assume that the rate of customers who pass the first stage and enter the second stage

during δ, denoted as λ
′
u, corresponds to the service request rate of non-contributors,

λ
′
u = (1 − β)λ. Note that customers’ decisions are independent, and the decision of one

individual to enter or leave the system at the first stage does not affect the arrival of

future customers.

2.4.3 Transition Blocking Probability

Once a customer obtains the values of (ϕ, δ) from POP, they will choose to pay the access

cost and enter the system if Uenter(ϕ, δ) is positive. However, since non-contributors

may have entered the system during the last δ units of time without updating the QL

on the POP, there is a chance that a customer who has obtained a positive expected
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entrance utility encounters a system with QL equal to K. This situation forces the

individual to balk, resulting in a wasted access cost. Given (ϕ, δ), the transition blocking

probability quantifies the risk of encountering the maximum QL and being forced to balk

after incurring the access cost.

Proposition 2.1. Given (ϕ, δ), the transition blocking probability, Pϕ,K(δ),

i. is a decreasing function of β.

ii. is zero when the contribution ratio β is one and the reported congestion ϕ is less

than K.

Given the total service request rate λ, as the contribution ratio β increases, the QL

updates on the POP occur more frequently, leading to a shorter expected δ time interval.

Consequently, ϕ reflects the system states more accurately, enabling customers to make

informed decisions. Furthermore, the ratio of non-contributors who might join the queue

within δ units of time decreases with β. Therefore, the probability of reaching the max-

imum QL, K, during a shorter δ period decreases. The reduction in Pϕ,K(δ) positively

affects customers by decreasing the probability of encountering a full system after passing

the first stage and paying the access cost.

When β is one, all customers contribute to updating their observed QL on the POP

upon arriving in the system. Wang and Hu (2020) consider this case in an M/M/1/K

setting and show that given the most recent QL update ϕ, the expected QL decreases

with δ. Note that for the case with β = 1, δ represents the time interval between two

consecutive service requests. Thus, no one enters the system during δ while some cus-

tomers may receive service and leave the system if δ is sufficiently long. Therefore, if the

reported congestion is less than K, δ time units later, the real-time QL is certainly smaller

than K. Therefore, when all customers are contributors, and the reported congestion is

less than K, no customer will be compelled to balk due to encountering a full system.

Conversely, when ϕ = K is recorded on the POP, and a service request happens shortly

after the QL update, customers might not have enough time to receive service and exit

the system. Consequently, the system holds K customers, leading to a non-zero transition
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blocking probability. However, if δ is large enough, even when the reported congestion is

K, some customers will have enough time to receive service and depart from the system.

Therefore, the number of customers in the system drops below K, reducing the transition

blocking probability.

2.4.4 Expected Entrance Utility

In the first stage, the expected entrance utility is determined based on (ϕ, δ). However,

if a service request occurs long after a QL update, the reported congestion ϕ may not

accurately reflect the current state of the queue. Furthermore, a significant δ implies that

the interarrival time of contributors is long, and the information on the POP is no longer

trustworthy for customers, rendering the first stage ineffective.

Let PK and L denote the blocking probability and the expected number of customers

in an M/M/1/K queue in the steady state, respectively. The following lemma states the

condition where the expected congestion and the transition blocking probability converge

to PK and L.

Lemma 2.2. When δ approaches infinity,

i. the transition blocking probability converges to PK ,

PK = lim
δ→∞

Pϕ,K(δ), δ ⩾ 0, 1 ⩽ ϕ ⩽ K. (2.5)

ii. the expected congestion converges to L,

L = lim
δ→∞

E[Γ(ϕ, δ)], δ ⩾ 0, 1 ⩽ ϕ ⩽ K. (2.6)

When the interval between a service request and the most recent QL update on the

POP approaches infinity, tracking the arrival of non-contributors and the departure of

customers who have received service becomes impractical. Consequently, the reported

congestion is no longer helpful in estimating the real-time QL or the transition block-

ing probability. Therefore, the transition blocking probability and the expected num-
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Figure 2.2: Expected congestion w.r.t δ, given the reported congestion is ϕ(T ) =
1, 2, . . . , 5, ϕd = 4.

ber of customers in the system converges to the steady-state blocking probability in an

M/M/1/K queue, independent of the reported congestion ϕ.

Abate and Whitt (1987) investigate the transient behavior of the expected number of

customers in an M/M/1 queue as a function of δ. They introduce a threshold, referred

to as “critical damping,” related to the initial number of customers in the system, ϕ,

at the beginning of the period δ. They observe that when δ is sufficiently large, the

expected number of customers increases with δ for ϕ values smaller than the critical

damping. Conversely, for ϕ larger or equal to the critical damping, the expected number

of customers decreases monotonically over time.

Figure 2.2 illustrates the expected congestion as a function of δ for various ϕ values

in an M/M/1/K system. We observe that as δ exceeds a threshold δd, the expected

congestion monotonically approaches its steady-state value, L. We define a threshold,

ϕd, analogous to the concept of critical damping in an M/M/1 system. For δ > δd,

the expected congestion increases with δ when ϕ is less than ϕd, and decreases with δ

when ϕ ≥ ϕd. In Figure 2.2, ϕd = 4. In the rest of the chapter, to make the problem

tractable and simplify the analysis, we assume δd is zero (numerical results to support this

assumption are provided in Appendix A. 14). By applying (2.4) along with Lemma 2.2,
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we derive Proposition 2.3, which explains the behavior of the expected entrance utility as

δ approaches infinity.

Proposition 2.3. If δ approaches infinity, the expected entrance utility, Uenter(ϕ, δ),

converges to a fixed value U∗, irrespective of the reported congestion ϕ,

U∗ = R− h− c
L+ 1

µ
− PK(R− c

K + 1

µ
). (2.7)

When δ approaches infinity, all customers obtain the same estimate for the expected

entrance utility, denoted as U∗, regardless of ϕ recorded on the POP. As illustrated in

(2.7), U∗ is a function of the expected queue length, L, and the blocking probability, PK ,

in the steady state of an M/M/1/K queue.

According to (2.7), the highest value of U∗ is achieved when both the steady-state

expected QL, L, and the blocking probability, PK , approach zero, which occurs in services

with very low utilization. In contrast, customers have no interest in entering a system

with a negative entrance utility. Therefore, the range of variations for the steady-state

entrance utility is defined as

0 < U∗ ⩽ R− c

µ
− h. (2.8)

The above inequality highlights that the service reward must exceed the sum of the hassle

and waiting costs of an empty system, i.e., R ⩾ c
µ
+ h.

2.4.5 A Threshold on the Reported Congestion

Given δ, we analyze the behavior of the expected entrance utility for different ϕ values to

explore the existence of a threshold on the reported congestion that determines whether

a customer perceives a positive expected entrance utility and decides to enter the system.

Lemma 2.4 explains the behavior of the expected entrance utility based on δ.

Lemma 2.4. The expected entrance utility, Uenter(ϕ, δ), is a monotonic function of δ for

all ϕ values in the range of [1, K].

The expected entrance utility either monotonically increases or decreases with δ, de-
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pending on the reported congestion ϕ and the system parameters (the proof is provided

in Appendix A. 6). Proposition 2.3 states that for significantly large values of δ, the

expected entrance utility eventually converges to U∗, a positive value supported by (2.8).

Thus, for a given ϕ, a positive expected entrance utility as δ goes to zero ensures a positive

expected entrance utility for any values of δ.

Figure 2.3 illustrates the evolution of the expected entrance utility as a function of δ

for different ϕ values, considering two distinct contribution ratios: β = 0.01 in Panel (a)

and β = 0.99 in Panel (b). As depicted, for ϕ = 3, 4, 5, the expected utility is positive

at zero and remains so for all δ values. To calculate the expected entrance utility as δ
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Figure 2.3: Expected entrance utility w.r.t. δ, given the reported congestion is ϕ(T ) =
1, 2, . . . , 5. Parameters: λ = 1.5, µ = 1, R = 10, c = 2, h = 1, (a) β = 0.01, and (b)
β = 0.99

approaches zero, we first need to understand how the expected congestion behaves in this

limit, as provided by Lemma 2.5.

Lemma 2.5. If a customer requests to enter the system immediately after a QL update

on the POP, i.e., when the time interval δ goes to zero, their expected congestion goes to

the reported congestion:

lim
δ→0

E[Γ(ϕ, δ)] = ϕ, δ ⩾ 0, 1 ⩽ ϕ ⩽ K. (2.9)
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As δ approaches zero, non-contributors have insufficient time to enter the system, and

customers in the queue do not exit. Consequently, the QL remains constant, matching

the reported congestion. We employ Lemma 2.5 to determine the maximum reported

congestion that generates a positive entrance utility when δ tends to zero, denoted by ϕ̂.

After rewriting (2.4), we have

lim
δ→0

Uenter(ϕ, δ) = R
(
1− Pϕ,K(0)

)
+

c

µ

(
K + 1

)
Pϕ,K(0)−

c

µ

(
E[Γ(ϕ, 0)] + 1

)
− h. (2.10)

Immediately after a QL below K is reported, the probability of the system reaching

its maximum capacity, K, is zero. According to Lemma 2.5, as δ approaches zero, the

expected congestion converges to the reported congestion, i.e., E[Γ(ϕ, 0)] = ϕ. Therefore,

the largest reported congestion that ensures a positive entrance utility when δ goes to

zero is,

ϕ̂ =
⌊µ
c
(R− h)− 1

⌋
, 1 ⩽ ϕ̂ < K. (2.11)

Given (2.8), Proposition 2.3, and Lemma 2.4, if the most recent reported congestion

on the POP is less than or equal to ϕ̂, customers are guaranteed a positive entrance

utility for all δ values, allowing them to pass the first stage and enter the second stage

successfully. Proposition 3.7 discusses the case of ϕ̂ < ϕ ⩽ K.

Proposition 2.6. Given the most recent QL update, if ϕ̂ < ϕ ⩽ K, there exists a

corresponding positive value of δ̂(ϕ) such that

Uenter(ϕ, δ) =

< 0, if 0 ⩽ δ < δ̂(ϕ)

⩾ 0, if δ ⩾ δ̂(ϕ)
. (2.12)

If the reported congestion exceeds ϕ̂, the expected entrance utility becomes negative

when δ approaches zero. For cases where ϕ̂ < ϕ ⩽ K, customers will perceive a negative

entrance utility when δ goes to zero. However, as δ increases and reaches δ̂(ϕ), the

expected entrance utility transitions from negative to zero. The expected entrance utility

becomes positive for δ > δ̂(ϕ), prompting customers to enter the system.

Using (2.4) and Proposition 3.7, we can determine δ̂(ϕ) as the unique solution to
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Uenter

(
ϕ, δ̂(ϕ)

)
= 0 by solving:

R−h− c

µ

(
E[Γ

(
ϕ, δ̂(ϕ)

)
] + 1

)
−Pϕ,K

(
δ̂(ϕ)

)(
R− c

K + 1

µ

)
= 0, 1 ⩽ ϕ ⩽ K. (2.13)

In Figure 2.3, both panels show ϕ̂ = 3. When ϕ = 1, 2, or 3, which are smaller than

or equal to ϕ̂, the expected entrance utility is positive for all values of δ. However, for

ϕ = 4, 5, values greater than ϕ̂, the expected utility Uenter(ϕ, δ) is negative as δ goes to

zero. The dashed lines indicate the time interval when the expected entrance utility is

negative, resulting in no entries into the system. When δ surpasses δ̂(ϕ), the entrance

utility turns positive, prompting customers to pass stage one and observe the QL.
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2.5 Social Welfare

Social welfare pertains to the expected net benefit of all customers. A customer’s decision

during each stage determines one of three possible outcomes. If a customer leaves at the

first stage, there is neither a loss nor a gain. Alternatively, if they enter the first stage

but balk at the second stage, they have paid the access cost without receiving any gain.

Finally, if a customer enters the first stage and proceeds to the second stage, they will

receive the reward but must also incur the access and waiting costs.

Given µ = 1, the load factor equals the service request rate λ. Using Proposition 3.7,

we show that there exists a threshold λ̂ for the service request rate, which determines the

behavior of social welfare as a function of β.

Proposition 2.7. For a given set of cost parameters, the social welfare is:

i. a monotonically increasing function of the contribution ratio β, if λ ⩽ λ̂.

ii. a unimodal function of the contribution ratio β, if λ > λ̂.

In a low-demand system where λ ⩽ λ̂, social welfare increases with the contribution

ratio β due to the decrease in waiting time. As β increases, customers make more in-

formed decisions using frequently updated ϕ on the POP. Therefore, they avoid entering

the system whenever there is a long queue. This strategic and state-dependent entrance

reduces customers waiting times as they enter the system only when it is not excessively

congested. Since the system’s request rate is below λ̂, indicating low demand, even though

the throughput reduces due to some customers leaving to avoid congestion, a significant

fraction of customers will find time slots with low congestion and will be served. Conse-

quently, the reduced waiting time dominates the decrease in throughput, increasing social

welfare with β.

In a high-demand system where λ > λ̂, there exists a local maximum for the contri-

bution ratio, denoted as β∗(λ). When β ⩽ β∗(λ), customers lack sufficient information

to make precise decisions due to infrequent ϕ updates on the POP. Additionally, they are

aware of the large service request rate, so at their service request time, they may conser-
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vatively choose to leave at the first stage to avoid wasting the access cost, even if there

is available space in the queue. As a result, although the system’s throughput decreases,

the customers who enter the system experience significantly shorter waiting times, leading

to an increase in social welfare for the contribution ratio up to β∗(λ). Conversely, when

β > β∗(λ), customers have greater confidence in their decisions based on the frequent

updates of ϕ on the POP. Therefore, they are not conservative when it comes to paying

the access cost. Furthermore, since the service is either popular or necessary, indicated

by a significant service request rate, customers seize every opportunity to join the system

if there is an empty space in the queue. As a result, the queue begins to fill up shortly

after each service completion. Consequently, more customers are served, increasing the

system’s throughput. However, customers spend more time waiting in a crowded queue,

considerably increasing the waiting time. Therefore, social welfare decreases for the con-

tribution ratio larger than β∗(λ). Figure 2.4 illustrates the social welfare for different

values of the service request rate. In Panel (a), where the service request rate is less than

λ̂, the social welfare increases with β. However, in Panel (b), where the service request

rates exceed λ̂, the social welfare is a unimodal function of β. In both panels, social

welfare decreases with the service request rate.
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Figure 2.4: Social welfare w.r.t the contribution ratio β, given the demand rate, (a) λ ⩽ λ̂,
and (b) λ > λ̂.
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2.5.1 Access Cost

Access cost is a key factor that influences a customer’s decision regarding entering or

leaving the system in the first stage. When there is no access cost, h = 0, our model is

equivalent to an observable queue. The social welfare in an observable queue, with the

maximum QL of K, denoted as SO, is given by Hassin and Haviv (2003) as

SO = λR
1− ρK

1− ρK+1
− c
[ ρ

1− ρ
− (K + 1)ρK+1

1− ρK+1

]
, (2.14)

where ρ = λ/µ. Figure 2.5 illustrates the changes in social welfare with respect to the

contribution ratio β for various access cost values. In Panel (a), as an example of a low-

demand system, the maximum social welfare is achieved without the access cost, where

h = 0. We also observe that social welfare declines with access costs. This decline is

attributed to customers’ reluctance to make extra effort for a service that is either less

popular or not deemed essential. As a result, with the increase in the access cost, more

customers leave during the first stage, reducing the system’s throughput and the expected

waiting time for those who join the queue. Since the service is not in high demand,

the expected waiting time reduction outweighs the throughput reduction, and the social

welfare increases with β, for all values of the hassle cost. In Panel (b), depicting a high-

demand system, since the service offered is either highly popular or deemed essential,

for small access cost values relative to the service reward, such as h = 0.3 and 0.6, a

substantial proportion of customers pass the first stage and enter the system. However,

a considerable fraction of them are compelled to balk during the second stage due to

the system holding maximum QL, resulting from the high demand. In this dynamic,

the social welfare increases with β, attributed to a reduction in the expected waiting

time experienced by those customers who join the system during the second stage. In

cases where the access cost is higher, exemplified by h = 0.9 and 1.2, the social welfare

demonstrates unimodal behavior concerning the contribution ratio for the same reason

discussed in Section 2.5.
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Figure 2.5: Social welfare w.r.t the contribution ratio, β, given the access cost
Parameters: µ = 1, R = 10, c = 1, (a) λ = 0.9, and (b) λ = 1.5
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2.6 Restricted Access to a Crowdsensing Platform

This section examines a scenario where access to a crowdsensing platform is restricted.

This restriction can be due to subscription-based models, quality control, exclusive access

for trusted entities, resource management considerations, and compliance with regulations

or service optimization in specific areas. Thus, only a fraction of customers, denoted by

α, are granted access, while the remaining (1− α) have no prior access to the shared QL

on the crowdsensing platform. In a setup with restricted access, only α percentage of

customers face two stages, the enter-or-leave and the join-or-balk stages, before receiving

the service. Among the customers with access to the crowdsensing platform, β ratio

contributes to updating the QL, i.e., 0 ⩽ β ⩽ α ⩽ 1. The remaining (1 − α) percentage

deals with only one stage, which is the join-or-balk stage.

When access to the crowdsensing platform is restricted, the arrival rate of customers

who directly enter the system is (1−α)λ. Among the remaining customers with access to

the crowdsensing platform, only those expecting a positive entrance utility pass the first

stage and enter the system. Consequently, the effective entrance rate of customers into

the system, denoted as λsα, is

λsα = (1− α)λ+ αλ
(
p
(
Uenter(ϕ, δ)

)
⩾ 0
)
. (2.15)

Proposition 2.8. The effective entrance rate of customers to the system, λsα, decreases

with the access level to the crowdsensing platform, α.

Among customers with access to the shared QL information, those who expect a neg-

ative entrance utility leave the system. Meanwhile, the fraction of (1 − α) of customers

without prior shared QL information enter the system, where their proportion decreases

with α. Hence, the total effective entrance rate into the system decreases with α. Fur-

thermore, the effective entrance rate determines how many customers visit the system,

referred to as foot traffic. According to Proposition 2.8, service providers can achieve foot

traffic goals by managing access to the crowdsensing platform.
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We next explore the social welfare implications of a crowdsensing platform with re-

stricted access. Social welfare for (1−α) percentage of customers without prior access to

the shared QL information, denoted as SW(1−α), equals

SW(1−α) = (1− PB)(R− h− cN)− PBh, (2.16)

where PB denotes the probability of having K customers in the queue, and N represents

the expected number of customers in the queue when the crowdsensing platform is not

publicly available. The total social welfare of customers with and without access to the

crowdsensing platform is defined as follows

SW = SWα + SW(1−α), (2.17)

where SWα represents the social welfare of customers with access to the crowdsensing

platform as a function of α, and SWα refers to the social welfare of customers without

access to the platform.

Section 2.5 elaborated on SWα for α = 1, where the crowdsensing platform is publicly

available and everyone has access to it, i.e., SW = SWα. On the other hand, when α = 0,

customers have no prior information on QL before entering the system since β = 0, and

no one shares the QL information. Thus, our proposed model in section 3.4 is equivalent

to an observable M/M/1/K queue with a service reward of R− h.

Proposition 2.9. Social welfare increases with the access level to the crowdsensing plat-

form, α.

Increasing the access level to a crowdsensing platform, α, yields a dual positive effect.

When more customers check the shared QL information before joining the queue, it re-

duces the chance of encountering an overcrowded queue and minimizes the waste of the

hassle cost. Secondly, with fewer customers directly entering the queue, the information

on the crowdsensing platform gains increased reliability. This reliability results from fewer

customers entering the queue between the arrivals of two data contributors, reducing the

difference between the reported congestion and the real-time QL.
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The described dynamics above are visually represented in Figure 2.6, where the plots

depict social welfare based on the contribution ratio for various values of α. This figure

illustrates how controlling access levels to the crowdsensing platform impacts social welfare

and provides insights into the system’s efficiency under different contribution ratios β.

Both panels show that the system with the highest access rate, α = 1, provides the highest

social welfare. We also observe that the optimal contribution ratio, which maximizes social

welfare, decreases with α. This suggests that as more customers access the crowdsensing

platform, a smaller percentage of them is needed to share QL information to achieve

optimal social welfare.

Figure 2.6: Social welfare at the contribution ratio β, given the access rate α =
{0.25, 0.5, 0.75, 1}

. Parameters: µ = 1, R = 10, c = 1, h = 1, (a) λ = 0.9, and (b) λ = 1.5
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2.7 Chapter Summary

Crowdsensing platforms are popular tools for collecting data on a large scale across diverse

domains such as urban planning, environmental monitoring, and disaster response. Data

contributors directly influence the quality of the collected data and its impact on the

system. In this chapter, we study the application of a crowdsensing platform in operational

management using a single-server queue. Initially, we assumed the platform was available

to the public for free, but only a fraction of customers contributed data by sharing their

observed QL and the timestamps of their observations. This information helps future

customers determine the expected utility of receiving the service, allowing them to avoid

wasting effort by entering a system with the maximum QL.

We examined the impact of QL contributions by a subset of customers on social welfare.

The findings show that changes in social welfare, relative to the ratio of data contributors,

depend on the load factor. Social welfare improves with the ratio of data contributors in

less popular services characterized by a low load factor. This is because more frequent

QL updates on the crowdsensing platform help customers avoid entering the system when

the queue is congested and join when it is less crowded. In popular and high-demand

services, there is an optimal fraction of data contributors that maximizes social welfare.

Beyond this optimal threshold, extended wait times within the longer queue negatively

affect social welfare. When the ratio of the data contributors exceeds the optimal level,

customers are more willing to trust the QL recorded on the POP and pay the access cost

to enter the system, even if a congested queue has been reported. This continuous influx

of customers prevents the queue from depleting, resulting in an immediate refill after each

service completion.

This study demonstrated that less popular service providers benefit from continu-

ously encouraging customers to contribute data. In contrast, for popular systems, service

providers should focus solely on maintaining the optimal fraction of data contributors

rather than exerting additional effort to motivate universal data contribution. Finally,

the study showed that if service providers limit access to a crowdsensing platform, they
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must anticipate a subsequent reduction in foot traffic and social welfare. To mitigate the

reduction in social welfare, they should ensure that a higher proportion of the customers

with access to the platform contribute data.
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Chapter 3

CHAPTER THREE: ROUTE

CHOICE USING

CROWD-GENERATED TRAVEL

TIME INFORMATION
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3.1 Chapter Overview

Smartphones and onboard vehicle sensors are increasingly used to gather crowd-generated

travel data (CTD), providing a cost-effective alternative to traditional data collection

methods such as stationary sensors and cameras. However, the reliability of CTD de-

pends on travelers’ willingness to share their data. This chapter examines how CTD can

be strategically utilized to optimize network-wide travel times while promoting equitable

information access and preserving user privacy. Specifically, we highlight the role of two

factors in decision-making and the accuracy of the travel time estimation: the contribution

ratio, which represents the proportion of travelers sharing their data, and the observation

window, which defines the period over which CTD is collected and analyzed. We consider

a transportation network with two routes: one with fixed travel times, referred to as

the safe road, and another with variable, stochastic travel times, called the random road,

which is modeled as an M/M/1 queue. The expected travel time on the random road is

estimated using the central limit theorem, which is applied to a sample of CTD collected

within the observation window. A choice model is proposed to calculate the probability

of travelers selecting each road. The study examines how variations in contribution ratios

and observation windows influence route choices and overall travel times. An optimal

contribution ratio is identified that minimizes overall travel time in a fixed-demand set-

ting. Furthermore, it is demonstrated that the optimal proportion of travelers selecting

the random road increases with the square root of the travel time on the safe road. Ad-

ditionally, the impact of risk on route choice is explored by incorporating a risk aversion

function linked to the contribution ratio. To tackle this risk, a scenario is studied where

travelers can pay to access real-time travel information on the random road. We establish

a threshold on the contribution ratio that determines when travelers shift from paying the

access cost to using free CTD, which is a function of the access cost and the variability

of travel time on the random road. Finally, it is demonstrated that introducing a reward

for travelers who share their data can lead to a further reduction in overall travel time

compared to the base model, where the reward is zero.
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3.2 Introduction

Access to travel-time information enables travelers to make informed routing decisions,

avoid delays, and reduce the stress of congestion. Traditional data collection methods

rely on fixed roadside sensors such as cameras and loop detectors, which are costly to

maintain and limited in coverage throughout a network. The emerging alternative is

crowd-generated data collection, known as crowd-sensing, which takes advantage of the

widespread adoption of smartphones and vehicle sensors to obtain information on the

entire network using shared travel time experiences. Platforms like Google Maps and

Waze collect smartphone data, such as speed, route trajectory, and travel time to esti-

mate congestion and travel times. Transportation corporations like GeoTab and HERE

leverage crowd-generated travel data (CTD), advanced analytics, and real-time inputs

from connected devices, such as GPS-enabled vehicles and mobile apps, to improve the

accuracy and reliability of travel information (Geotab 2017, Here 2020, 2022). Original

Equipment Manufacturers in the auto industry also equip vehicles with more onboard

sensors to provide real-time updates and enable enriching transportation networks with

accurate and timely data (Raza et al. 2020, Bridgelall and Tolliver 2020). The success

of crowd-sensing travel time data depends on the active participation of travelers in data

sharing, which determines the accuracy and reliability of the information.

Growing concerns about user privacy have led companies like Apple and Google to

implement strict controls over data sharing. For instance, iPhone users can select from

multiple privacy options, including “Don’t Allow,” which denies all access; “Allow Once,”

granting temporary access; “Allow While Using the App,” permitting access only during

app usage; and “Allow Always,” enabling continuous background access. While these

measures empower users to protect their privacy, such privacy protections reduce the

volume and consistency of shared data. We investigate two factors that influence the

effectiveness of CTD: the “contribution ratio”, the proportion of travelers who agree to

share data, and the “observation window”, the duration over which data is collected. A

higher contribution ratio reduces the uncertainty in travel time predictions by increasing
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the collected data volume. At the same time, the observation window also affects the

accuracy of forecasts; a window that is too short may fail to capture temporary delays, and

an excessively long window introduces outdated data, leading to unreliable predictions.

This study addresses two key questions for effectively managing transportation systems

by optimizing the collection of CTD. First, the goal is to determine the existence of an

optimal interior contribution ratio below one that minimizes network-wide travel time.

Second, if such an optimal threshold exists, what practical strategies, policies, or incentives

can be implemented to encourage users to contribute data at the optimum level while

ensuring fairness and compliance? By answering these questions, our work seeks to provide

managerial insights to balance the collection of CTD and network efficiency.

A seminal study by Yang (1998) introduces a sensor-based framework that provides

real-time travel information for various links within a transportation network, enabling

travelers to select user-optimal routes. A key finding from the study is that increasing

the proportion of travelers with access to travel-time information does not always lead

to reduced social costs from a planner’s perspective. This is because access to real-time

travel data can cause many travelers to converge on the same routes and departure times,

a phenomenon known as the Informational Braess’ Paradox (IBP) (Acemoglu et al. 2018),

where additional information paradoxically worsens congestion and delays. To mitigate

the effects of IBP, information design has been used to strategically control the disclosure

of information in transportation networks. Information design operates on two levels:

(1) controlling the type and amount of information to be distributed and (2) classifying

travelers to offer personalized travel information, ensuring that each traveler receives the

most relevant and precise data tailored to their conditions (Tavafoghi and Teneketzis 2019,

Acemoglu et al. 2016). However, information design still relies on real-time travel data

as input, which is often impractical to collect and raises equity concerns by limiting user

access to travel information. To address these issues, CTD provides a feasible alternative,

with research highlighting its reliability and potential for effective application (Tavafoghi

and Teneketzis 2019, Acemoglu et al. 2016). However, previous studies overlook the role of

data contributors and fail to examine how adjusting key elements of a CTD platform, the
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contribution ratio and observation window, can optimize transportation networks without

manipulating data or imposing restrictive access controls. These two elements directly

influence the quantity and consistency of data collected from users, which determines the

reliability of congestion estimates. Investigating this gap explores whether IBP occurs in

a crowd-generated, data-driven setup and examines the role of adjusting the contribution

ratio and observation windows in addressing it. Additionally, it assesses the effective

mitigation of congestion in such a transportation network, particularly when travelers

selfishly choose the shortest route based on the available information.

This study focuses on transportation networks that rely on CTD to minimize network-

wide travel time while considering users’ data-sharing preferences and the reluctance of

some travelers to share their data. We consider a network with two options: one with

a fixed and known travel time, termed the “safe road,” and the other with a stochastic

travel time, referred to as the “random road” (Verhoef et al. 1996, Liu et al. 2018, Liu and

Yang 2021). All travelers have free access to CTD, but only a subset chooses to share their

travel data. We examine the impacts of free access to CTD on route choices, focusing on

the contribution ratio and observation window. We investigate whether the conclusion of

Yang (1998) holds in a crowd-generated data-driven traffic network. Specifically, we ana-

lyze whether increasing the contribution ratio decreases overall travel time and evaluate

how traveler risk levels, particularly their sensitivity to variability in travel times on the

random road, affect their decisions. We also examine the scenario where travelers can

pay to access real-time travel information and analyze how this option interacts with the

contribution ratio and traveler behavior. Additionally, we investigate the consideration of

a contribution reward for those who contribute travel data, aiming to enforce the optimal

contribution ratio.

This study’s results demonstrate that while higher contribution ratios enhance traveler

confidence in route selection, excessively high contribution ratios at the network level can

lead to congestion, ultimately increasing overall travel times. We identify the optimal

contribution ratio that minimizes the overall travel time in a fixed-demand setting. This

finding emphasizes the importance of maintaining the contribution ratio below one to
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ensure system-wide efficiency. Additionally, it underscores the balance between optimizing

network performance and respecting travelers’ privacy, showing that the network can still

operate efficiently even when not all travelers are comfortable sharing their travel data.

The optimal proportion of travelers selecting the random road decreases in proportion to

the square root of the ratio between the free-flow travel time on the random road and the

fixed travel time on the safe road. To minimize the network travel time, we introduce a

threshold for the minimum observation window, ensuring that travelers select the random

road only when its expected travel time is, on average, shorter than that of the safe road.

Incorporating risk into the model reveals that the probability of selecting the random

road consistently decreases compared to the base model, where travelers are assumed

to be risk-neutral. We also analyze a scenario where real-time travel information on the

random road is available after paying an access fee. In this case, we find that an increase in

the access fee leads travelers to require a lower contribution ratio to prefer free CTD over

paid information. Conversely, lower access fees make paying for precise travel information

more attractive. Additionally, a greater variance in travel time increases the required

contribution ratio for travelers to opt for free CTD. Finally, we demonstrate the existence

of an optimal contribution reward tied to network travel demand. Implementing this

reward reduces both the optimal contribution ratio and overall travel times. In addition,

introducing a contribution reward further decreases overall travel time compared to the

base model, where no reward is provided, offering a practical strategy to improve network

performance.

The remainder of the chapter is organized as follows. Section 3.3 provides an overview

of the related literature. Section 3.4 presents the choice model, a detailed explanation of

its underlying assumptions and components. Section 3.5 explores extensions to the base

model, including the incorporation of traveler risk levels, the option to pay for real-time

travel information, and incorporating incentives for travelers to contribute their data.

Finally, Section 3.6 summarizes the findings.
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3.3 Literature Review

This literature review explores the impact of access to travel information and strategies for

optimizing traffic flow using real-time data and CTD. It then discusses the challenges and

opportunities posed by CTD, emphasizing concerns related to data accuracy, reliability,

and privacy, and how this research addresses those gaps.

3.3.1 Optimizing Traffic Flow with Real-Time Information

Real-time travel time information helps travelers plan their trips more efficiently, but its

impact on overall network performance can be complex. Yang (1998) explores a traffic

assignment problem with two traveler classes: those with access to real-time travel infor-

mation and those making stochastic decisions without such information. They find that

while real-time congestion information benefits individual travelers, it can worsen total

network travel time if the proportion of informed travelers exceeds an optimal thresh-

old. This occurs because access to real-time information leads travelers to converge on

the same routes and departure times, increasing overall congestion. This effect is also

observed in dynamic routing, where travelers adjust their routes mid-journey based on

real-time updates. Mahmassani and Jayakrishnan (1991) assess the effects of real-time in-

vehicle navigation data and find that equipping 25% to 50% of travelers with navigation

systems yields the best performance.

Pricing strategies and traveler preference analysis offer practical solutions to mitigate

congestion and optimize network performance. Assigning costs, such as tolls or park-

ing fees, makes travelers cautious of the impact of their travel choices on the network.

Verhoef et al. (1996) find that flat tolls, combined with real-time travel time informa-

tion, enhance system efficiency. Yu et al. (2023) demonstrate that responsive pricing,

adapting to real-time traffic conditions, consistently outperforms fixed pricing in reducing

congestion, particularly as the accuracy of travel information increases. Travelers’ diverse

risk tolerances and preferences further influence congestion. Liu et al. (2018) show that

accurate travel information benefits risk-averse individuals but may exacerbate delays
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for risk-seekers. Yu et al. (2023) compare responsive pricing, where tolls vary based on

real-time or predicted traffic conditions, with fixed pricing schemes. They show that re-

sponsive pricing can raise welfare and lower travel costs, especially as the quality of travel

information improves. However, the performance gap between the two pricing approaches

remains small even under high uncertainty, highlighting the role of information quality

and system variability in pricing strategy effectiveness.

Alternative solutions focus on optimizing traffic flow and network efficiency by con-

trolling access to real-time information through adjustments in timing, accuracy, and level

of detail in distributed travel information. Zhang and Nie (2018) show that guiding just

10% of vehicles toward system-optimal routes can significantly improve network perfor-

mance. Similarly, Acemoglu et al. (2018) find that restricting users’ knowledge to specific

road segments prevents congestion resulting from access to real-time information. Spana

and Du (2022) propose an optimal information perturbation strategy to mitigate network

congestion caused by selfish routing decisions. They demonstrate that strategically alter-

ing traffic information can improve overall system performance. Their analysis focuses

on a homogeneous perturbation scheme applied uniformly across all network links, bal-

ancing the trade-off between enhancing system efficiency and minimizing the loss of user

optimality due to perturbation.

We have so far presented traffic demand management strategies, such as controlling

real-time information, imposing tolls, and accounting for behavioral differences, that op-

timize network performance using real-time travel data. However, CTD takes a decentral-

ized approach, enabling dynamic traffic adjustments without imposing external controls

or requiring micro-level analysis of traveler behavior. The next section explores how CTD

enhances congestion mitigation and routing efficiency.

3.3.2 Traffic Optimization With Crowd-Generated Travel Data

Crowd-generated travel data leverages mobile devices, such as smartphones and on-board

sensors, to provide a cost-effective solution for traffic management. The widespread de-

ployment of sensors, wireless communication modules, and data storage devices in vehicles
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enables the development of robust platforms that are not constrained by device energy

consumption or infrastructure requirements (Ganti et al. 2011, Al-Sakran et al. 2015).

Unlike the strategies discussed in Section 3.3.1, which focus on controlling the flow of

real-time information, CTD allows for dynamic real-time adjustments that optimize traf-

fic conditions. These systems regulate traffic flow by providing real-time information,

including travel updates, road incidents, and unexpected weather conditions. They also

estimate travel times and alleviate congestion by guiding commuters to more efficient

routes. Additionally, CTD can predict user behavior and public transit passenger flow

(Zhang et al. 2016), detect traffic anomalies, and suggest alternative routes to avoid

congestion (Pan et al. 2013). Furthermore, CTD supports dynamic rerouting, enabling

travelers to select the shortest path, thereby improving traffic flow and reducing conges-

tion (Yu et al. 2021). This data can also enable customized routing options by considering

road conditions, driver expertise, and the current state of the network (Abdelrahman et al.

2020).

Crowd-generated travel information is transmitted through two primary communi-

cation modes: vehicle-to-vehicle and vehicle-to-server. These network topologies have

proven highly effective in managing traffic congestion through rerouting solutions and

dynamic traffic assignment strategies (Yu et al. 2021). For instance, Pan et al. (2016)

explore vehicle-to-vehicle rerouting strategies to mitigate congestion, demonstrating that

real-time traffic predictions based on CTD can proactively address congestion. Patni and

Jain (2015) propose a vehicle-to-vehicle-based system that analyzes vehicle speeds and

transmitted data to enable real-time traffic adjustments. Their results show improved

traffic flow by alerting drivers to potential breakdowns, which facilitates better decision-

making and alleviates congestion. In smart city initiatives, Gomides et al. (2020) use a

vehicle-to-server network to analyze traffic data, enabling vehicles to evaluate alternative

routes based on distributed information. Their findings demonstrate a reduction in traffic

congestion and improved flow by providing vehicles with real-time traffic information,

enhancing decision-making and optimizing route selection. Ali et al. (2021a) propose a

framework that employs CTD within a vehicle-to-server network to direct vehicles to the
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fastest routes. This system ensures secure data handling without sharing information be-

tween vehicles. It evaluates vehicle distribution across routes, considers route capacities,

and assigns the most efficient path based on estimated arrival times. Simulation results

show that this dynamic routing approach significantly enhances traffic flow and reduces

congestion, outperforming vehicle-to-vehicle systems by an average of 92%. Moreover,

it reduces computational load and network traffic compared to traditional centralized

systems (Pan et al. 2016).

3.3.3 Optimizing Crowd-Generated Travel Data Collection

While CTD improves traffic management by enabling real-time dynamic adjustments, its

effectiveness depends on the accuracy, reliability, and spatial-temporal coverage of the

collected data (Wang et al. 2017). A well-designed data collection system requires a suffi-

cient and diverse pool of contributors to enhance representativeness and minimize biases

to provide comprehensive and accurate insights for decision-making (Girolami et al. 2021).

To ensure data sufficiency, Huang et al. (2018) propose a flexible sweep coverage model

for mobile sensing devices carried by participants. This model guarantees comprehensive

coverage of the designated area while optimizing resource allocation and minimizing the

total costs paid to contributors. To ensure the reliability of the collected data, Wang et al.

(2017) develop a reputation system to validate shared data, complemented by a payment

system to incentivize contributors. Performance evaluation demonstrate the effectiveness

of these systems. In practice, leveraging for-hire vehicles, such as taxis, rideshare vehicles,

and delivery fleets, has emerged as a scalable solution for urban sensing. These vehicles

can efficiently collect data across large areas, overcoming the hardware and software limi-

tations of private vehicles. Ding et al. (2021) suggest that equipping for-hire vehicles with

sensing devices provides the dual benefits of mobility and extensive coverage for travel

data collection. However, integrating these data collection tasks with vehicles’ primary

job of serving orders is challenging. To address this challenge, they propose a framework

that enables vehicles to make coordinated routing decisions, balancing the need to serve

orders with the data collection task.
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CTD collection has primarily focused on increasing data contributors to ensure a

consistent flow of data and geographical coverage. However, existing studies have not

examined how the ratio of data contributors impacts traveler decisions and congestion

levels. We analyze the contribution ratio as a critical factor in balancing data accuracy

and system efficiency while highlighting travelers’ privacy concerns in data sharing. Our

findings reveal that an optimal contribution level exists, beyond which additional data

sharing may not further reduce congestion and, in some cases, may even increase total

travel time. Furthermore, this study identifies an unexplored strategy: optimizing the

proportion of travelers who share travel time information to enhance system performance

while ensuring equitable access to crowd-generated travel information. We enforce this

optimal contribution ratio through a contribution reward. Additionally, we introduce the

observation window to assess how the temporal coverage of the collected data influences

its reliability and usability for real-time decision-making. We recognize that relying solely

on historical data can be misleading due to unforeseen conditions and that real-time

data collection is often infeasible. We employ queuing theory to model the interaction

between data sufficiency, traveler decision-making, and system-wide efficiency, ultimately

determining the ideal conditions under which CTD can minimize congestion and maximize

social welfare.
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3.4 Model

3.4.1 Preliminaries

We examine a network of a single source-sink pair connected by two routes, as illustrated

in Figure 3.1.

Figure 3.1: Schematic of the network.

A homogeneous Poisson process generates travel demand from the source to the sink

at a rate of Λ travelers per time unit. Travelers choose between a “safe road” with a fixed

travel time τ and a “random road” with congestion-sensitive travel time. The random

variable T represents the travel time on the random road, with mean MT (λ) = µ and

variance VT (λ) = σ2. The rate and proportion of travelers choosing the random road are

denoted by λ and α, respectively, where λ = αΛ.

To capture the effect of congestion, the random road is modeled as a single-server

queue, where the queue dynamics reflect the delay caused by traffic buildup. In this

analogy, the server represents the random road, and travelers are the customers waiting

for the service of traveling through it. Assuming a homogeneous Poisson arrival rate of

λ = αΛ, travelers arrive randomly but at a constant average rate. Travelers access the

random road based on arrival orders following a first-come-first-served service priority

rule.

In steady state, the expected waiting time due to congestion, as well as the mean

and variance of the travel time on the random road, are the same for all travelers, based

on the properties of an M/M/1 queue (Larson and Odoni 1981). This uniformity occurs
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because the system reaches equilibrium, meaning that every traveler experiences the same

stochastic conditions regardless of when they enter the system. As a result, variations in

travel times are uniformly distributed among all travelers. The expected travel time on

the random road, µ, consists of the expected free-flow travel time, denoted by 1/θ, and

the additional expected delay due to congestion, denoted by Wq, as shown below

µ =
1

θ
+Wq. (3.1)

Given M/M/1 properties described by Larson and Odoni (1981), we have

Wq =
λ

θ(θ − λ)
, (3.2)

MT (λ) = µ =
1

θ − λ
, (3.3)

and

VT (λ) = σ2 =
1

(θ − λ)2
. (3.4)

The congestion level in queuing theory, equivalent to the volume-to-capacity ratio on

the random road, is defined as ρ = λ/θ. Here, ρ must be less than one, i.e., λ < θ.

Otherwise, the number of travelers on the random road will tend to infinity, and the

queue on the random road will not reach a steady-state condition (Larson and Odoni

1981). A weak stability condition for the queue on the random road is Λ < θ.

3.4.2 Crowd-Generated Travel Data

We assume that a fraction of travelers, denoted by β > 0, agree to contribute their travel

information when using the random road. This fraction, referred to as the contribution

ratio, reflects the portion of travelers participating in data sharing. The expected travel

time on the random road is derived from the sample of travel times contributed by previous

travelers. The sample size, represented by the random variable S, indicates the number

of travelers within a given observation window who have chosen the random road and
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agreed to share their travel data. The observation window, denoted by δ, defines the time

period during which a moving average analysis of collected travel times is performed and

is treated as an exogenous parameter.

Given that travel demand follows a Poisson distribution, the sample size S collected

within the observation window also follows a Poisson distribution with a mean of S̄. The

expected sample size is defined as

S̄ = αΛβδ, (3.5)

because out of λ = αΛ travelers who choose the random road within the observation

window δ, a ratio β contributes the travel data.

For a given realization s of the sample size random variable S, if {t1, t2, ..., ts} are the

random samples of the CTD drawn from a population with a mean of µ and a variance

of σ2, the average sample travel time is

T̄s =

∑s
i=1 ti
s

. (3.6)

According to statistical theory, when the sample size s becomes sufficiently large, the

distribution of the sample mean T̄s converges to a normal distribution, regardless of the

underlying distribution of the shared travel times. This result is formalized by the Central

Limit Theorem, as presented in the following lemma.

Lemma 3.1. The Central Limit Theorem states that if {t1, t2, ..., ts} are independent and

identically distributed random variables drawn from a population with a mean of µ and a

finite variance of σ2, and the sample mean is denoted by T̄s, then if s is large enough, the

standardized sample mean, lims→∞
T̄s−µ
σ/

√
s
, follows a standard normal distribution (Mont-

gomery and Runger 2010).

According to Lemma 3.1, when s is large enough, the distribution of T̄s approximately

follows a normal distribution with a mean of µ and a variance of σ2/s, demonstrated as

T̄s ∼ N(µ,
σ2

s
). (3.7)
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Given that the average sample travel time is non-negative, we model it using a trun-

cated normal distribution confined to the interval [0,∞). Specifically, we define the ran-

dom variable T̂s as the expected travel time on the random road derived from a sample

of size s as

T̂s ∼ Trunc
(
T̄s, [0,∞)

)
. (3.8)

3.4.3 Route Choice Model

We assume that travelers make a risk-neutral choice between the random road and the

safe road by selecting the option with the shorter expected travel time. Later, in Section

3.5.1, risk is incorporated into the model. As time passes and travelers enter the random

road and contribute their travel times, a steady-state condition emerges where the ratio

of travelers choosing the random road stabilizes and equals the probability of choosing

the random road by each traveler. Consequently, the ratio of travelers who choose the

random road, α, is given by

α = Probability
(
T̂s ⩽ τ

)
= Ψ(τ), (3.9)

where Ψ(·) denotes the cumulative density function of T̂s.

Lemma 3.2. The cumulative density function of the variable T̂s at the point τ , which

follows a normal distribution with mean µ and variance σ2/s, truncated within the range

[a, b], is defined as

Ψ(τ) =
Φ( τ−µ

σ/
√
s
)− Φ( a−µ

σ/
√
s
)

Φ( b−µ
σ/

√
s
)− Φ( a−µ

σ/
√
s
)
, (3.10)

where Φ(·) shows the cumulative density function of the standard normal distribution

with a mean of zero and a variance of one.

By considering Equation (3.8) and applying Lemma 3.2, we can express Equation (3.9)

as

α =
Φ( τ−µ

σ/
√
s
)− Φ( −µ

σ/
√
s
)

1− Φ( −µ
σ/

√
s
)

. (3.11)

To ensure analytical tractability, the sample size s is substituted with its mean value
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S̄ in Equation (3.11). Additionally, applying the cumulative density function property

Φ(−x) = 1− Φ(x) yields

α = 1−
Φ
(√

S̄ µ−τ
σ

)
Φ
(√

S̄ µ
σ

) . (3.12)

In the presented queue-based model, we observe that µ = σ, given in Equations (3.3)

and (3.4). Consequently, the choice model in Equation (3.12) simplifies to

α = 1−
Φ
(√

S̄ (1− τ
µ
)
)

Φ(
√
S̄)

. (3.13)

The choice model proposed in Equation (3.13) exhibits the following characteristics:

I. For non-negative values of {τ, µ}, the variable α changes in the range of [0, 1].

II. When the travel time on the safe road is significantly larger than the expected travel

time on the random road, τ ≫ µ, almost all travelers choose the random road, i.e.,

α approaches one.

III. When the expected travel time on the random road is significantly larger than the

travel time on the safe road, µ ≫ τ , almost all travelers choose the safe road, i.e.,

α approaches zero.

IV. When the travel time on the safe road equals the expected travel time on the random

road, τ = µ, the choice model in Equation (3.13) equals

α = 1− 0.5

Φ(
√
S̄)

. (3.14)

As the sample size increases, the uncertainty in the travel time on the random road

decreases. If the sample size is sufficiently large, the condition τ = µ leads to the prob-

ability of selecting the random road approaching 0.5. At this point, travelers become

indifferent between the two roads.

Substituting Equations (3.3), (3.4), and (3.5) into Equation (3.13) yields the proba-
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bility of selecting the random road as

α = 1−
Φ
(√

αΛβδ
(
1− τ(θ − αΛ)

))
Φ
(√

αΛβδ
) . (3.15)

Proposition 3.3. For a set of given parameters {Λ, θ, β, δ}, Equation (3.15) has exactly

one positive solution, given Λ < θ.

Based on Proposition 3.3, established in Appendix B. 1, for a given contribution ratio

β and observation window δ, a unique positive value of α determines the probability of

selecting the random road. Solving Equation (3.15) analytically is cumbersome. Figure

3.2 presents numerical examples to illustrate the α value across different parameters with

an error tolerance 0.001. The solid lines depict the right-hand side of Equation (3.15) as a

function of α. The dashed line represents the identity function. The intersection between

each solid and dashed line denotes the value of α, where (3.15) holds.
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Figure 3.2: The probability of selecting the random road, α, under traveler equilibrium.
Parameters: β=1, δ=1, θ=100, with Λ taking values of (a) 10, (b) 50, and (c) 99.

In each panel, the average free-flow travel time on the random road, 1/θ, is fixed,

while the travel time on the safe road, τ , varies. Each panel corresponds to a specific

travel demand, Λ, increasing from left to right. In all panels, α increases with τ . As we

move across the panels from left to right at a given τ value, the probability of selecting

the random road decreases with increasing travel demand Λ. When τ is less than or equal

to the expected free-flow travel time on the random road, i.e., τ ⩽ 1/θ, it follows that
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τ ⩽ µ. This means that more travelers choose the safe road, which is the shorter route,

resulting in α ⩽ 0.5. In cases where τ exceeds 1/θ, we must also consider the waiting

time in traffic before estimating the expected travel time on the random road. Depending

on the parameters {Λ, θ, τ, β}, the value of α may be either less than or greater than 0.5.

Proposition 3.4 explains how α changes in response to variations in the contribution

ratio β, with the proof provided in Appendix B. 2. Proposition 3.4 also explores the

existence of an optimal contribution ratio, denoted as β∗
I , to determine the maximum

probability of selecting the random road.

Proposition 3.4. When τ > µ, the probability of selecting the random road increases

with β. Conversely, when µ ⩾ τ , it increases below a threshold β∗
I and decreases for β

above β∗
I .

The travel time on the safe road, τ , is known to all travelers. When τ is greater than µ,

an increase in β leads to a greater number of travelers contributing their travel times within

the observation window δ. As a result, the probability of incoming travelers selecting the

random road as the shorter route consistently increases. In contrast, when the expected

travel time on the random road exceeds τ , a threshold β∗
I arises. For β values below β∗

I ,

the travel time contributed by a small fraction of travelers does not accurately represent

the actual travel time on the random road, as data contribution occurs infrequently. The

limited sample size leads incoming travelers to perceive the random road is faster than

the safe one, thereby increasing the probability of choosing the random road. However,

once β surpasses the β∗
I threshold, a sufficient amount of travel time data is contributed

within the observation window δ, ensuring travelers recognize that the random road takes

longer than the safe road, prompting them to take the safe road.

As shown in Figure 3.3, when the expected travel time on the random road is less than

τ (e.g., τ = 0.015, 0.02), an increase in the contribution ratio β enables more travelers to

recognize that the random road is faster than the safe one. However, when the expected

travel time on the random road exceeds τ (e.g., τ = 0.005, 0.01), a local maximum occurs

for the probablity of choosing the random road.
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Figure 3.3: The probability of selecting the random road, α, w.r.t the contribution ratio,
β. Parameters: θ=100, δ=1, and Λ = 50. The dashed lines represent scenarios where
τ > µ, while the solid lines correspond to cases where µ ≥ τ .

3.4.4 System Optimal

In the previous section, Equation (3.15) established that the distribution of the travel

demand between the safe and random road is a function of the contribution ratio, β. This

section investigates the role of a social planner aiming to minimize the overall travel time

by selecting an optimal contribution ratio, denoted as β∗
N . We explore whether adjusting

β allows the social planner to influence α, referred to as α(β) hereafter, and regulate the

traffic distribution to achieve the condition of minimum overall travel time, as obtained

from the following mathematical model.
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min
β

E(β) = Λ

[
α(β)M(λ) +

(
1− α(β)

)
τ

]
, (3.16a)

s.t : α(β) = 1−
Φ
(√

αΛβδ
(
1− τ(θ − αΛ)

))
Φ
(√

αΛβδ
) , (3.16b)

M(λ) =
1

θ − λ
, (3.16c)

λ = α(β)Λ, (3.16d)

0 < Λ < θ, (3.16e)

0 ⩽ α(β) ⩽ 1, (3.16f)

0 < β ⩽ 1. (3.16g)

The objective function E(β) represents the overall travel time, considering travelers

who take the random road and those who choose the safe road. Constraint (3.16b) defines

the probability of selecting the random road, as given by Equation (3.15). Constraint

(3.16c) specifies the average travel time on the random road, while constraint (3.16d)

describes the ratio of travelers choosing this route. Lastly, constraint (3.16e) imposes the

weak stability condition for the queue on the random road.

Upon solving model (4.1), the value of β∗
N is determined. Proposition 3.5 explains the

behavior of the overall travel time based on the contribution ratio, β.

Proposition 3.5. When µ ⩾ τ , the overall travel time decreases with β. Conversely,

when τ > µ, it decreases with β below a threshold β∗
N and increases for β above β∗

N .

According to Proposition 3.4, when the travel time on the safe road is shorter than

the expected travel time on the random road, the maximum ratio of travelers taking the

random road is limited to α(β∗
I ). As a result, the random road would not be overcrowded,

and the overall travel time would decrease with β. However, when the safe road takes

longer than the expected travel time on the random road, an increase in β leads to an

increase in the ratio of travelers choosing the random road. Under this condition, when

the contribution ratio is less than β∗
N , overall travel time decreases due to travelers saving
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time by taking the random road. However, when the random road becomes overcrowded,

indicated by the road selection probability larger than α(β∗
N), selfish routing increases the

overall travel time.

To minimize overall travel time, the proportion of travelers taking the random road,

α(β∗
N), is established with β∗

N through model (4.1), in alignment with Proposition 3.3.

Proposition 3.6 illustrates the value of α(β∗
N) under network equilibrium condition.

Proposition 3.6. To minimize the overall travel time, the optimum ratio of travelers

who take the random road is

α(β∗
N) =


0 0 ≤ τ ≤ 1

θ
,

θ−
√

θ
τ

Λ
1
θ
< τ < θ

(θ−Λ)2
,

α(β′) τ ≥ θ
(θ−Λ)2

,

(3.17)

where β′ =β (α).

When the random road is congestion-free with no queue, Wq = 0, the expected travel

time becomes free-flow, 1/θ. If the free-flow travel time on the random road exceeds that

of the safe road, all travelers should take the safe road to minimize travel time, resulting

in α = 0, the first case. When the free-flow travel time on the random road is less than

τ , and τ < θ/(θ − Λ)2, the optimal α is given by the second term in Equation (3.17),

derived from solving the optimization model (4.1). If τ exceeds the threshold θ/(θ−Λ)2,

the optimal value of α is its maximum achievable value. Therefore, in the third case,

β′ = β∗
N ; and the argmax function is employed for enhancing clarity.

Figure 3.4 illustrates the optimal α and the corresponding β values as a function of

travel demand Λ for different τ values. When τ is less than the free-flow travel time on the

random road, no traveler chooses the random road, and α∗ = 0. In this case, the optimal

contribution ratio, shown in panel (b), is also zero. For τ > 1
θ
, the proportion of travelers

using the random road is determined by network demand, as stated in Proposition 3.6.

When demand is low, travelers prefer the faster random road, and the optimal α is

1. However, as demand increases, congestion on the random road raises travel time,
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prompting more travelers to choose the safe road, which reduces the proportion of travelers

on the random road.
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Figure 3.4: (a) Optimal α values and (b) corresponding β values for minimizing overall
travel time across different travel demand levels and τ values. Parameters: θ = 100 and
δ = 1.

Special Case: α(β∗
N) = 1. Looking at the proposition 3.6, we examine whether

a scenario exists in which no traveler chooses the safe road, α(β∗
N) = 1. This implies

the condition that all travelers should choose the random road to achieve the minimum

overall travel time. To achieve this, we shift our focus from the contribution ratio to the

observation window, which plays an equally important role in configuring a crowd-sensing

platform. Proposition 3.7 describes this scenario and defines an optimal threshold for the

observation window, denoted as δ∗N , for a given β.

Proposition 3.7. When µ < τ , for a given β, a minimum observation window δ∗N exists,

such that for δ > δ∗N , all travelers choose the random road to minimize overall travel time.

The threshold δ∗N is given by

δ∗N =
1

βΛ

( ν

τ(θ − Λ)− 1

)2
, (3.18)

where ν represents Φ−1(1).

The value of ν can be set based on the acceptable error level. For instance, with

an acceptable error of 2 × 10−5, ν equals 4.09. Equation (3.18) shows that higher data

contributions (β) or increased travel demand (Λ) allow for a shorter optimal δ while still
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providing sufficient CTD to minimize overall travel time. Figure 3.5 shows the simulated

probabilities of selecting the random road based on the number of travelers traveling from

the sink to the source node for different values of δ. The expected travel time on the

random road varies between 0.01 and 0.02, which is less than the travel time on the safe

road, τ = 0.03. The optimal observation window δ∗N is calculated from Equation (3.18).

For δ ≥ δ∗N , the simulated α converges to one, whereas for δ < δ∗N , α converges to a value

below one.

Figure 3.5: Simulated probability of selecting the random road, α, w.r.t the number of
travelers. Parameters: θ = 100, τ = 0.03, β = 1, and ν = 8.5. For (Λ, δ∗N): (a) (10, 2.5),
(b) (50, 5.78).
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3.5 Extensions to Analysis User Behavior

This section extends the base model to incorporate additional complexities that influence

traveler route choice behavior. A risk-sensitive framework is introduced to capture traveler

aversion to risk on a random road with uncertain travel times and to assess how the

contribution ratio mitigates the perceived risk. Next, the impact of access to real-time

travel information is analyzed to compare decision making based on precise travel time

data with that based on CTD. Finally, a contribution reward is introduced to incentivize

data sharing, and its effect on the overall travel time is investigated.

3.5.1 Access to Accurate Travel Data in a Risk-Incorporated Model

Traveler route choices are influenced by the uncertainty of travel times. When traffic

conditions are unpredictable, a common strategy to mitigate the risk of delays is to

allocate extra time beyond the expected travel duration (Nikolova and Stier-Moses 2014).

This section examines risk-averse travelers and explores strategies to tackle uncertainty

in stochastic travel times on the random road. A risk-aversion function is introduced to

model the impact of the contribution ratio on perceived risk.

The disutility of selecting the safe and random roads, denoted as USafe and URandom,

is expressed as

USafe = τ, (3.19)

and

URandom = T̂s + γ(β)VT (λ), (3.20)

where γ(β) is the risk aversion function, where γ(β) = 0 corresponds to the base choice

model defined in Equation (3.9). A higher γ(β) indicates greater risk aversion, meaning

that travelers prefer the more predictable route to avoid uncertainty. The following lemma

establishes the key properties of the risk aversion function, highlighting its relationship
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with β.

Lemma 3.8. The risk aversion function γ(β) is a non-negative, concave, and decreasing

function of β.

In a CTD setup, we assume that the level of risk aversion, γ(β), depends on the

contribution ratio β. Since β is publicly available from historical data, it directly influences

traveler trust in the CTD and, consequently, their level of risk aversion. The frequency of

CTD updates increases with the contribution ratio β. As updates become more frequent,

the accuracy of travel-time estimates improves. This reduction in perceived uncertainty

makes the random road a more attractive option.

Considering the risk associated with the uncertainty of the travel time on the random

road, the probability of selecting the random road, denoted as αRisk, is

αRisk = Pr
(
URandom ⩽ USafe

)
, (3.21)

which simplifies to

αRisk = Probability
(
T̂s ⩽ τ − γ(β)VT (λ)

)
= Ψ

(
τ − γ(β)VT (λ)

)
. (3.22)

Since γ(β) decreases with β, the choice model in Equation (3.22) suggests that the max-

imum probability of choosing the random road occurs when β = 1.

We propose a specific functional form for γ(β) that is compatible with Lemma 3.8.

A power-law function is used to capture the diminishing effect of β on the level of risk

aversion, as given by

γ(β) = γ0(1− β)k, (3.23)

where γ0 represents the maximum risk aversion level when the contribution ratio β is zero.

The parameter k > 1 determines the rate at which γ(β) decreases with β.

Figure 3.6 illustrates the proportion of travelers who select the random road under

two scenarios: risk-averse, dashed lines, and risk-neutral, solid lines.

The intersection of the dashed curve with the identity function represents αRisk, while
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Figure 3.6: Comparison of the probability of choosing the random road with (dashed
lines) and without (solid lines) incorporating risk. Parameters: θ = 100, β = 1, k = 1,
γ0 = 30. For Λ: (a) 10, (b) 50, (c) 99.

the intersection of the solid line indicates α. Given that Ψ(·) is an increasing function and

both VT (λ) and γ(β) are positive, a comparison of Equations (3.9) and (3.22) suggests

that the probability of selecting the random road decreases in the presence of risk, i.e.,

αRisk ⩽ α. This observation is confirmed in Figure 3.6 across varying levels of travel

demand and values of τ , consistently demonstrating that αRisk < α.

In this scenario, the minimum overall travel time is obtained from the following math-

ematical model

min
β

ERisk(β) = Λ

[
αRisk(β)M(λ) +

(
1− αRisk(β)

)
τ

]
, (3.24a)

s.t : αRisk(β) = 1−
Φ
(√

λβδ
(
1−

(
τ − γ(β)VT (λ)

)
(θ − λ)

))
Φ
(√

λβδ
) , (3.24b)

M(λ) =
1

θ − λ
, (3.24c)

λ = αRisk(β)Λ, (3.24d)

0 ⩽ αRisk(β) ⩽ 1, (3.24e)

0 < β ⩽ 1, (3.24f)

where γ(β) is the risk aversion function, and ERisk(β) is the overall travel time with

incorporating risk.

Using γ(β) given in Equation (3.23), model (3.24) is solved numerically. Figure 3.7

shows how the optimal contribution ratio, β∗
Risk, varies with travel demand, Λ, under

different risk levels.
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Figure 3.7: Optimal contribution ratio β∗
Risk as a function of Λ for different risk levels

(a) γ(β) = γ0(1 − β)2 and (b) γ(β) = γ0(1 − β)10. Parameters: θ=100, τ = 0.015,
γ0 = 0, 10, 50.

The solid blue curve represents the base model where γ(β) = 0, while the dashed curves

correspond to risk-averse scenarios where γ(β) > 0. The two panels display the results

for different values of k. The results indicate that when Λ is sufficiently large, introducing

risk increases the optimal β, particularly for lower values of k. This observation suggests

that a higher maximum risk level, γ0, leads to more cautious route selection, therefore a

higher level of optimum user contribution β is required to mitigate potential losses due

to uncertain travel times on the random road. Furthermore, the panels demonstrate how

increasing k accelerates the decline of the optimal β, leading to lower β values across

all Λ for the greater k value in panel (b) compared to panel (a). These observations

demonstrate that less sensitivity to travel time variability, higher k, and lower γ0 result

in a lower optimum contribution ratio.

Previously, we demonstrated that to mitigate the uncertainty associated with fluc-

tuating travel times on the random road, the optimization model increases the optimal

contribution ratio for risk-averse travelers. Now, we explore how access to real-time travel

information can offer an alternative solution to tackle risk. While CTD provides estimates

of travel times, the variability inherent in these estimates may lead risk-averse travelers

to search for other sources of information. Accurate travel time data alleviate this uncer-
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tainty, allowing travelers to make more confident and better informed route choices.

To meet the demand for an accurate source of travel time information, significant

investments have been made in deploying stationary sensors and cameras along roads to

provide accurate travel time data. In this analysis, we assume that travelers must pay an

access fee to obtain accurate travel data. The impact of accurate travel information on

route choice behavior is examined to weigh the trade-off between paying for the certainty

offered by accurate data and accepting the uncertainty inherent in free-of-charge CTD.

The disutility of taking the random road for travelers with access to accurate travel

information, denoted by UExact, is defined as

UExact = TE + h, (3.25)

where TE is the accurate travel time on the random road, and h is the access cost to

receive the real-time travel information.

To obtain the travel time on the random road, travelers face two options: they can

either rely on the free CTD with inherent uncertainty or pay for accurate travel time

information. By comparing the disutility functions URandom, given in Equation (3.20),

and UExact, the conditions under which travelers prefer one option over the other can be

determined. Specifically, travelers choose free CTD if

URandom < UExact. (3.26)

After deciding between the free CTD and paid accurate information, travelers then com-

pare the obtained travel time on the random road with that on the safe road, following

the same decision process outlined in the base model.

By substituting Equations (3.20) and (3.25) into Equation (3.26) and solving for β,

we obtain the following inequality:

β > 1−

(
h− (T̂s − TE)

γ0VT (λ)

) 1
k

. (3.27)
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We denote the right-hand side of Equation (3.27) by β̂:

β̂ = 1−

(
h− (T̂s − TE)

γ0VT (λ)

) 1
k

. (3.28)

Based on Equation (3.27), for a given sample of collected travel times, as the access

fee h increases, travelers require a smaller β̂ to choose free CTD over paid information.

Conversely, lower access fees make paying for accurate travel information more appealing.

Furthermore, a higher uncertainty of the travel time on the random road, a higher variance

VT (λ), increases the β̂ threshold for travelers to choose free CTD.

Since α varies between 0 and 1, VT (λ) lies in the range [1/θ, 1/(θ − Λ)] (see Equation

(3.4)). To obtain a lower bound for β̂, and thereby define a threshold beyond which

travelers prefer free CTD over accurate travel information, we substitute the maximum

value of VT (λ), which is 1/(θ − Λ). This yields:

β̂ = 1−

(
(h− (T̂s − TE))(θ − Λ)

γ0

) 1
k

. (3.29)

Given that T̂s is a normally distributed random variable, the difference T̂s−TE follows

a normal distribution with mean µ− TE and variance σ2/s. For a given access fee h, the

threshold β̂ varies depending on the realization of T̂s. To visualize the distribution of β̂

based on the access fee, we simulate 1000 random realizations of T̂s, where each realization

is drawn from a normal distribution with mean µ, and standard deviation σ/
√
s, where

µ = σ, given Equations (3.3) and (3.4). For each realization of T̂s and the corresponding

value of h, the associated β̂ is calculated. The results are shown in Figure 3.8, which

illustrates the mean β̂ values along with the 10th and 90th percentiles, highlighting how

uncertainty in T̂s influences β̂. Since β̂ is constrained between zero and one, any values

below zero are adjusted to β̂ = 0. As we move from left to right, travel-time variance

increases. As a result, the mean value of β̂ increases, indicating that travelers perceive

the random road as more uncertain and therefore require a higher contribution ratio to

choose CTD. Additionally, the maximum access fee at which travelers choose CTD for
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any contribution ratio also increases. This is represented by the intersection of the solid

line, the mean β̂, with the line β̂ = 0.
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Figure 3.8: The distribution of β̂. Parameters: (a) σ1, (b) σ2, (c) σ3, where σ1 < σ2 < σ3.

Given (3.27), travelers pay the access cost h only if the contribution ratio β falls below

the threshold β̂. To determine the optimal contribution ratio, denoted as β∗
h, the following

optimization model is formulated:

min
β

E(β, h) = Λ

[
Pr(β < β̂)

(
h+ αh(β)TE + (1− αh(β))τ

)
+ Pr(β ⩾ β̂)

(
αh(β)M(λ) +

(
1− αh(β)

)
τ
)]

(3.30a)

s.t. αh(β) = Pr(β < β̂) Pr(UExact ⩽ USafe) + Pr(β ⩾ β̂) Pr(URandom ⩽ USafe) (3.30b)

M(λ) =
1

θ − λ
, (3.30c)

λ = αh(β)Λ, (3.30d)

0 ≤ αh(β) ≤ 1, (3.30e)

0 < β ≤ 1, (3.30f)

where TE represents the average accurate travel time on the random road. The ob-

jective function minimizes the expected network-wide travel cost. When the contribution

ratio is below β̂, travelers purchase the accurate travel information by incurring the cost

h.

Figure 3.9 illustrates how the optimal contribution ratio varies with travel demand

under three scenarios. In the Baseline Model (4.1) travelers are risk-neutral, and the

optimal contribution ratio is β∗. In the Risk-Aversion Model (3.24) risk-averse travelers
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require a higher contribution ratio to compensate for travel time uncertainty, i.e., β∗
Risk ⩾

β∗. Finally, the Access Cost with Risk Aversion Model (3.30) considers the case in which

risk-averse travelers must pay an access fee for accurate travel-time information; here,

the optimum contribution ratio is β∗
h, and the expected lower bound on the contribution

ratio, β̂, is derived from simulation.

The figure is presented in two panels. Panel (a) corresponds to an access cost of h1,

while panel (b) corresponds to an access cost of h2, where h1 < h2. The results emphasize

that as the access cost increases from panel (a) to panel (b), the expected lower bound

threshold β̂ decreases. Moreover, the behavior of β̂ as a function of travel demand Λ

shows an interesting dynamic: as travel demand increases, risk-averse travelers require

a higher contribution ratio threshold to rely on CTD. Although a high-demand network

could theoretically achieve the same level of information reliability with a lower percentage

of contributors than a low-demand network, risk-averse travelers only trust CTD in high-

demand networks if the contribution ratio is sufficiently high; in low-demand networks,

they are more tolerant of travel time uncertainty and prefer free CTD. A comparison
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Figure 3.9: Comparison of the optimal contribution ratio, β∗, and the mean value of β̂
under different scenarios for a given access cost h. The figure illustrates three cases: (1)
β∗, the baseline model, in which travelers are risk-neutral and accurate travel information
is not available (γ(β) = 0 and h is not applicable); (2) β∗

Risk, the risk-aversion model, in
which travelers exhibit risk aversion (γ(β) > 0 and h = 0) but accurate travel information
is still not available; and (3) β∗

h, the access cost model, where risk-averse travelers can
access accurate travel-time information by paying a fee (γ(β) > 0 and h > 0). Access
cost levels are given as (a) h1 and (b) h2, where h1 < h2.

between β̂ and the optimum contribution ratio under the risk-aversion scenario, β∗
Risk,
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further clarifies this behavior. In low-demand networks where the contribution ratio ex-

ceeds the mean β̂, travelers opt for free CTD because the optimal contribution ratio meets

their minimum threshold. In such cases, introducing an access fee discourages travelers

from purchasing accurate travel information due to their cost sensitivity. However, in

high-demand networks where β̂ exceeds the optimal contribution ratio, travelers face a

choice: either pay for accurate travel-time information or require a higher contribution ra-

tio to maintain trust in CTD. Increasing the contribution ratio beyond the optimal level in

these conditions, however, results in longer overall travel times. Thus, offering risk-averse

travelers the option to purchase accurate information in high-demand networks is the op-

timal alternative. The threshold for classifying a network as low- or high-demand depends

on the access cost; as the access cost increases from panel (a) to (b), this threshold also

rises in both the β∗ and β∗
Risk scenarios.

Introducing a positive access fee increases the optimal contribution ratio relative to

the baseline and risk-aversion scenarios, i.e., β∗
h ⩾ β∗ and β∗

Risk. With a higher access

cost in panel (b), the optimum contribution ratio exceeds that of the baseline and risk-

aversion models and lies above β̂, the minimum contribution ratio for using CTD. This

means that when the access cost is high, optimizing network performance requires the

contribution ratio to be above β̂ so that travelers trust free CTD to choose their travel

path rather than paying for expensive, accurate travel information. In contrast, when

the access cost is lower in panel (a), the optimum contribution ratio β∗
h depends on

travel demand. When network demand is low, the optimum contribution ratio remains

above β̂, allowing travelers to effectively use free CTD and maintain network performance.

However, when demand increases under a low access fee regime, the benefits of purchasing

accurate travel-time information outweigh the need to raise the contribution ratio, thereby

avoiding additional congestion, so β∗
h falls below β̂.

If policymakers or service providers aim to encourage the use of accurate travel infor-

mation, they must consider factors such as the access fee, contribution ratio, and network

demand. Analyzing these patterns helps determine whether investing in infrastructure

to obtain accurate real-time information will significantly influence traveler behavior and
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network performance and, if so, guide the formulation of pricing policies.

3.5.2 Contribution Reward

It has been demonstrated that the contribution ratio is crucial in determining optimal

policies for traffic management and improving overall system efficiency. However, many

conservative travelers may hesitate to share their data due to concerns about privacy,

security, and the perceived lack of personal benefit. Introducing a contribution reward

system can address these concerns by offering tangible incentives in exchange for valuable

traveler data. These rewards enhance the traveler experience and can take various forms,

such as discounts on future travel, priority access to preferred routes, or participation

in exclusive loyalty programs. Ultimately, the contribution reward system aims to cre-

ate a mutually beneficial ecosystem: travelers receive rewards while contributing to the

improvement of the transportation system (Wei et al. 2022).

In this section, to motivate travelers to choose the random road and agree to contribute

travel data, the social planner offers a contribution reward, denoted as R. We examine

how different levels of contribution reward influence the contribution ratio and traveler

behavior. Given there are no budgetary constraints, the following mathematical model

is proposed to determine the optimal contribution ratio, and the optimal proportion of

travelers who choose the random road to minimize the overall travel time

min
β,R

EReward(β) = Λ

[
α(β)M(λ) +

(
1− α(β)

)
τ

]
, (3.31a)

s.t : α(β) = (1− β) Pr
(
T̂s ⩽ τ

)
+ β Pr

(
T̂s −R ⩽ τ

)
, (3.31b)

M(λ) =
1

θ − λ
, (3.31c)

λ = α(β)Λ, (3.31d)

0 ⩽ R ⩽ Rmax, (3.31e)

0 ⩽ α(β) ⩽ 1, (3.31f)

0 < β ⩽ 1, (3.31g)
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where EReward(β) is the overall travel time with incorporating the contribution reward,

and Rmax represents the maximum reward that the planner can assign to each traveler.

Equation (3.31b) captures the overall probability that travelers choose the random road

over the safe road. The reward R is an incentive provided to travelers when they share

their travel time data, and β reflects the proportion of travelers who consider this reward

in their decision-making process. The first term, (1 − β)Pr
(
T̂s ⩽ τ

)
, represents the

probability that a traveler, not influenced by the reward, chooses the random road if

the estimated travel time is lower than the travel time on the safe road. The second

term, βPr
(
T̂s −R ⩽ τ

)
, accounts for those travelers who consider the reward, effectively

reducing their perceived travel time on the random road by R. In other words, a traveler

chooses the random road if either the estimated travel time is already favorable without

the reward or if the inclusion of the reward makes the travel time on the random road

effectively lower than that of the safe road. This equation thus provides a measure of

traveler behavior by weighting both decision scenarios according to the proportion β of

travelers considering the reward.

To determine the probability of taking the random road, as defined in constraint

(3.31b), the following equation is used

α(β) = (1− β)Ψ(τ) + βΨ(τ +R), (3.32)

where the value of Ψ(·) is determined by Equation (3.10), with a = 0 and b = +∞.

Figure 3.10 compares the base model (4.1) with model (3.31), which includes the

contribution reward, where µ < τ .

Panel (a) shows the probability of selecting the random road based on travel demand.

At low demand levels, the reward motivates more travelers to choose the random road

compared to the base model, which is also, on average, the shorter path. However,

as travel demand increases and the network becomes crowded, the contribution reward

no longer motivates travelers to take the random road and does not increase α, as the

optimal contribution reward does not compensate for the extra time spent waiting in

congestion on the random road. Panel (b) illustrates the optimal contribution ratio to
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minimize overall travel time. When more travelers opt for the random road, a smaller

percentage needs to contribute data to minimize the overall network cost. Panel (c) shows

the reduction in overall travel cost achieved by incorporating the contribution reward as

a function of travel demand. As shown, the effectiveness of the contribution reward varies

with network demand levels. Providing the contribution reward is most effective in low-

demand networks, but it becomes less impactful in high-demand networks, where it may

not substantially reduce overall travel time. Panel (d) shows the optimal contribution

reward based on Λ. When µ < τ , providing the contribution reward in a congested,

high-demand network is not a practical option to minimize overall travel time.
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Figure 3.10: Comparison of the base model (4.1) and the model with the contribution
reward (3.31): (a) Value of β, (b) Ratio of travelers choosing the random road, (c) Re-
duction in overall travel time, and (d) the optimum reward. Parameters: δ = 1, θ = 100,
τ = 0.015, Rmax = 1.
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3.6 Chapter Summary

This study explored the role of CTD in optimizing route choices and minimizing network-

wide travel times while ensuring equitable access to information and preserving user pri-

vacy. We introduced two key factors, contribution ratio and observation window, that

influence the reliability of travel time estimations. By modeling a transportation net-

work with a safe road, with fixed travel time, and a random road , with stochastic travel

time, we analyzed how these factors impacted traveler route choices and overall system

efficiency.

Our findings revealed that an optimal contribution ratio exists, below full participa-

tion, which minimizes network-wide travel time in a fixed-demand setting. While higher

contribution ratios improved travel time predictions, they led to congestion due to a dis-

proportionate shift of travelers onto the random road, increasing the overall travel time.

Our results showed that when the travel time of the safe road is greater than the free-flow

travel time on the random road, travel demand determines the optimal ratio of travelers

taking the random road. Additionally, we determined a threshold for the minimum obser-

vation window, ensuring that travelers opted for the random road only when its expected

travel time was shorter than that of the safe road.

Incorporating risk aversion into traveler decision-making demonstrated that increased

uncertainty in travel times discourages travelers from selecting the random road, thereby

decreasing the ratio of travelers who take it. Moreover, we explored the scenario in which

real-time travel information was available for a fee, showing that travelers’ willingness to

pay depended on the contribution ratio and network demand. Lastly, we demonstrated

that incentivizing data sharing through rewards could further reduce overall travel time,

particularly in low-demand networks, offering a practical policy tool to encourage optimal

participation levels.

These insights contribute to transportation planning and policy by highlighting how

strategic management of CTD can enhance network efficiency without compromising trav-

eler privacy. Future research could extend this framework by incorporating dynamic de-
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mand conditions. Our study underscores the importance of balancing participation incen-

tives, privacy considerations, and network demand in designing effective crowd-generated

data-driven transportation systems.
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Chapter 4

CHAPTER FOUR: RESOURCE

ALLOCATION AND ROUTE

GENERATION FOR URBAN

MOBILE SENSING
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4.1 Chapter Overview

Mobile sensing platforms, such as dashcams and vehicle-mounted ultrasonic sensors, offer a

scalable and cost-effective alternative to traditional systems, including in-ground sensors

and fixed cameras for urban data collection. However, optimizing the deployment of

mobile sensors is critical to balancing data quality, spatial coverage, and operational cost.

This study introduces an optimization framework for urban data collection that jointly

determines the optimal number of agents, i.e., users equipped with sensing devices, and

their routing paths. The framework integrates sensor allocation and route planning while

enforcing headway constraints to maintain data recency and avoid redundancy. The city

is modeled as a graph, where nodes represent facilities of interest for data collection and

edges denote travel paths, with the objective of minimizing the total travel time of agents.

We develop an exact mixed-integer programming model and a scalable heuristic algorithm,

the latter incorporating Lagrangian-inspired refinements to enhance solution quality via

node reassignments. Numerical experiments validate the heuristic performance against

the exact model, showing that it yields near-optimal solutions with substantially lower

computational cost. Results indicate that travel time decreases with more routes and

looser headway constraints, while the required number of agents declines with headway

but varies non-monotonically with the number of routes. We apply the proposed heuristic

to parking facilities in the City of Toronto to demonstrate its scalability and practical

applicability in real-world settings.
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4.2 Introduction

Monitoring urban environments is essential for ensuring efficient city management and

improving quality of life. However, traditional stationary infrastructure used for urban

data collection is expensive to scale, challenging to install, and difficult to maintain, given

issues like limited coverage, strict city regulations, and power supply constraints. In

contrast, mobile sensing devices, such as dashcams, vehicle-mounted ultrasound sensors,

LiDAR-equipped autonomous vehicles, and wearable smart gadgets, provide a scalable,

flexible, and cost-effective alternative for gathering real-time data across large urban areas.

As individuals equipped with these sensing devices, referred to as agents, move through

city streets, the devices collect valuable data on environmental and traffic conditions,

including noise levels, air pollution, vacant parking spaces, and congestion patterns. This

information is transmitted to a central database for processing and analysis. Sharing the

processed data with the broader community increases public awareness, reduces traffic

congestion, and health risks. Nevertheless, achieving comprehensive and efficient urban

data collection requires the strategic deployment of agents to maximize coverage, minimize

travel time, and avoid redundant data gathering.

A key challenge in deploying agents is balancing data accuracy with operational effi-

ciency. While multiple agents collecting data at the same location can enhance accuracy,

excessively frequent visits increase hardware costs and impose a greater computational

burden without significantly improving data quality or precision. For instance, parking

turnover is typically higher between 6–8 AM and 5–7 PM, remains relatively stable from

8 AM to 5 PM, and is less frequent during other periods (Pang et al. 2023). Similarly,

noise and air pollution levels fluctuate more significantly during rush hours or near high-

traffic intersections, while remaining relatively stable during off-peak times. Therefore,

determining a headway range, i.e., revisitation thresholds which are defined as the mini-

mum and maximum time intervals between successive visits to a location, is essential for

maintaining data reliability and avoiding redundant sensing, thereby improving overall

resource efficiency. is essential to ensure data reliability and resource efficiency. In addi-
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tion to establishing visit frequencies, an effective deployment strategy must optimize the

routing of agents to maximize coverage while minimizing data redundancy. This study

addresses two key questions: (1) how to determine the optimal number of agents required

to effectively cover a designated urban area, and (2) how to identify agent routes that

balance travel efficiency with data accuracy. In response, we develop an optimization

model that minimizes total travel time by determining the optimal number of agents and

their routes, while ensuring the required data collection frequency.

Previous research has explored the optimization of mobile sensor allocation in urban

settings. For example, Hu et al. (2023) proposed a Partially Observable Markov Decision

Process framework to optimize the path planning of an autonomous vehicle for collecting

parking occupancy data. Their model considers a two-dimensional parking lot with a fixed

number of spaces, assuming that the vehicle has access to a detailed parking lot map and

is equipped with sensors capable of detecting occupancy within its field of view. The

objective is to generate optimal paths for continuous and accurate occupancy estimation.

However, this approach is limited to a controlled parking lot environment and does not

address the deployment of multiple agents or the need for coordinated real-time data

collection across larger urban areas. Another study by Pang et al. (2023) formulated an

integer programming model to minimize the number of sensing units installed on city

buses while ensuring that consecutive detections occur within a specified time threshold.

Their approach assumes the availability of bus routes, schedules, and on-street parking

geolocations through open data platforms. While the model effectively optimizes sensor

allocation, it does not incorporate agent routing, thus limiting its applicability for dynamic

real-time mobile data collection in complex urban environments.

Beyond parking, mobile sensor optimization techniques have also been applied to envi-

ronmental monitoring tasks. Chen et al. (2022) applied reinforcement learning techniques

to guide mobile sensors through pollution hotspots, and optimizing routes to maximize

the collection of informative air quality data. Although effective for hotspot navigation,

their method assumes real-time pollution gradient information, which may not always be

readily available in practice. Additionally, optimization techniques such as mixed-integer
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programming (Betalo et al. 2025) and genetic algorithms (Marques et al. 2020) have

been employed to enhance the spatial deployment and routing of mobile sensors. How-

ever, these approaches often prioritize spatial coverage without explicitly considering the

trade-offs between data freshness, agent mobility constraints, and real-time operational

efficiency.

This research optimizes both the number of agents and their routes for mobile urban

sensing (MUS). Our approach offers a scalable and cost-effective solution by minimizing

agent count and travel time while maximizing spatial coverage. Unlike prior work, we

introduce minimum and maximum revisitation thresholds to balance data accuracy with

operational efficiency, ensuring that locations are monitored frequently enough without

redundant visits that increase costs. These thresholds offer planners flexibility to tailor

monitoring frequency based on specific urban needs. The proposed framework incor-

porates real-world mobility constraints, including network connectivity, travel time, and

limits on the number of available agents, enabling practical deployment across diverse city

environments. Our approach supports a range of sensing platforms, such as autonomous

vehicles, shared mobility services, and dedicated monitoring fleets. By integrating sensor

allocation with dynamic agent routing, the model provides a structured, real-time solution

for mobile sensing in urban environments.

To improve computational performance for practical deployment, we propose a heuris-

tic algorithm that reliably produces near-optimal solutions while significantly reducing

runtime. The algorithm begins with k-means clustering to partition the city into distinct

routes, ensuring each cluster contains at least two points. Within each cluster, the Near-

est Neighbor Algorithm establishes an initial visitation sequence to minimize total travel

distance. A linear resource allocation model then assigns the optimal number of agents

to each route, subject to headway constraints and the total available agents. To further

enhance efficiency, Lagrangian-inspired intra-route and inter-route swapping heuristics it-

eratively refine both route structures and agent distribution. Numerical experiments on

the Solomon dataset demonstrate that the heuristic closely approximates exact solutions

while achieving substantial reductions in computational time. Results show that increas-
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ing the number of routes leads to a more balanced workload among agents, reducing total

travel time while maintaining full spatial coverage. Additionally, the analysis quantifies

the effects of headway constraints, revealing that relaxing maximum allowable headways

decreases the required number of agents and total travel time by extending intervals be-

tween successive visits. Finally, we apply the proposed heuristic to parking facilities in the

City of Toronto, demonstrating its scalability and practical applicability: the algorithm

successfully covers all permit parking zones using fewer than 25% of the city’s bike-share

fleet.

The remainder of the chapter is organized as follows: Section 4.3 reviews the related

literature. Section 4.4 presents the optimization model, and Section 4.5 introduces the

heuristic algorithm. Section 4.6 reports numerical results based on the Solomon dataset,

while Section 4.7 demonstrates the model’s application to on-street permit parking in

Toronto. Finally, Section 4.8 concludes the study and discusses directions for future

research.
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4.3 Literature Review

Mobile Urban Sensing has emerged as a decentralized and scalable approach for real-time

data acquisition. Leveraging the proliferation of smartphones, sensor-equipped vehicles,

and IoT devices, MUS enables continuous monitoring of diverse urban phenomena, in-

cluding traffic dynamics, environmental pollution, infrastructure health, and public safety.

Compared to traditional fixed-sensor networks, MUS provides enhanced spatial-temporal

flexibility, faster deployment, and greater responsiveness to dynamic conditions. This

section reviews advancements in MUS research across three dimensions: (1) foundational

frameworks and architectural innovations for efficient data collection, (2) domain-specific

applications in environmental sensing, mobility tracking, and parking detection, and (3)

optimization strategies aimed at improving performance and scalability.

4.3.1 Frameworks and Strategies for Mobile Urban Sensing

Recent advancements in MUS focus on building scalable, decentralized frameworks that

enhance real-time data acquisition, processing efficiency, and user privacy. To highlight

early developments, Liu et al. (2019) provided a foundational review identifying core

architectural models, participation strategies, and data quality control. Since MUS sys-

tems produce substantial volumes of data, ensuring efficient processing is essential for

maintaining system performance. To address latency and alleviate the burden on central

servers, Montori et al. (2017) proposed a collaborative framework for mobile sensors that

incorporates edge computing to enable localized decision-making. To further enhance

scalability and privacy, Ali et al. (2021b) discussed emerging trends such as blockchain

and edge-based learning. Similarly, Zhang et al. (2023) explored distributed edge com-

puting solutions for real-time environmental sensing, and Jones et al. (2024) investigated

privacy-preserving techniques like differential privacy and secure multi-party computation

in decentralized MUS platforms. DiChiappari et al. (2016) developed a real-time alert

system combining cloud analytics, edge computing, and mobile agents to enable faster

responses to pollution events.
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An important area of research in MUS focuses on adaptive and geofencing-enabled

sensing to dynamically adjust data collection strategies based on environmental and social

contexts, thereby improving the relevance and quality of the collected data. Geofencing,

creating virtual geographic boundaries that trigger actions when a device enters, exits, or

dwells within a specific zone, plays a critical role in automating interactions and enhancing

spatiotemporal coverage. Cheerkoot-Jalim and Purahoo (2020) introduced SenseAPP, an

IoT-enabled platform that integrates geofencing and interactive user feedback to adapt

sampling based on urban density and activity patterns. Similarly, Fiandrino et al. (2017)

proposed an adaptive sensing framework that adjusts data collection frequency based

on social density and environmental triggers, leveraging fog computing. Miranda et al.

(2024) demonstrated that incorporating real-time geofenced triggers into sensing work-

flows significantly enhances data resolution, particularly for mobility and safety applica-

tions. Likewise, Cardone et al. (2014) combined activity recognition with geofencing to

manage environmental monitoring during mass urban events like festivals and parades,

where rapid shifts in crowd density demand adaptive sensing. Expanding further, Tas-

gaonkar et al. (2024) employed geofenced and vehicular telemetry-based systems to detect

traffic incidents and urban anomalies, while Belwafi et al. (2022) surveyed UAV-based mo-

bile sensing solutions that autonomously navigate within geofenced boundaries to collect

real-time environmental data.

To address spatial and temporal gaps in user participation, hybrid MUS models inte-

grate multiple data sources, such as fusing macro-level satellite imagery with micro-level

mobile or IoT data. Santhosh et al. (2024) proposed a hybrid platform that combines satel-

lite and smartphone data to monitor urban heat, air quality, and congestion. Gkoumas

et al. (2023) deployed micro-mobility units augmented with geospatial satellite data for

infrastructure scanning, while Liu et al. (2024) fused satellite imagery with crowd-sourced

traffic data to enhance urban mobility analysis. Similarly, Mohamed et al. (2024) inte-

grated multimodal sensor data from drones, vehicles, and wearable devices to improve

environmental and mobility monitoring. Lu et al. (2023) integrated telemetry data from

bike-mounted and vehicle-mounted sensors. Simulation results indicate that multimodal
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strategies significantly outperform single-mode systems in terms of coverage efficiency and

detection times.

4.3.2 Applications of Mobile Urban Sensing

MUS is an effective tool for tracking mobility, air quality, noise pollution, and thermal

hotspots in real time. Longo et al. (2017) and Cardone et al. (2014) pioneered MUS

systems where users contribute air and noise pollution data through mobile applications.

Nemati et al. (2017) provided a critical review of smartphone-based air sensing platforms,

highlighting challenges related to battery consumption, data fidelity, and privacy. Liu

et al. (2021) demonstrated how public buses equipped with sensors can collect pollution

data across entire urban networks, offering scalable solutions for city-wide air quality map-

ping. Zappatore et al. (2017) developed an MUS platform that generates real-time urban

noise maps, supporting zoning policy enforcement through distributed smartphone-based

sensing. In the context of infrastructure monitoring, Matarazzo et al. (2022) leveraged

smartphone-mounted sensors to detect structural stress via vibration data, demonstrating

the potential of MUS for monitoring urban infrastructure.

MUS has also been applied to real-time transportation analysis. Darsena et al. (2023)

reviewed sensing frameworks designed to estimate public transport occupancy, integrating

geofencing and user behavior recognition for adaptive scheduling and load balancing. Ro-

drigues (2020) developed a smartphone-based MUS architecture to infer urban mobility

patterns with minimal privacy intrusion. Meanwhile, Hasan (2023) presented an MUS

platform that deploys real-time alerts for pedestrians in risk-prone zones using geofenced

location verification. Parking detection represents one of the earliest and most practical

applications of MUS in transportation. Liao et al. (2016) and Roman et al. (2018) pro-

posed vehicle-mounted sensor systems to identify roadside parking availability. Mathur

et al. (2010) introduced ParkNet, a system leveraging ultrasonic and GPS-equipped taxi-

cabs to map parking occupancy city-wide. Shah et al. (2021) integrated geofencing with

automated event detection by leveraging smartphone localization services, including GPS,

Wi-Fi, and cellular data, to monitor and record vehicle entry and exit events across vir-
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tual parking zones. Bock et al. (2019) demonstrated that GPS traces from ride-hailing

vehicles could provide reliable parking occupancy estimates across spatially diverse urban

regions, a finding further validated by Cherian et al. (2016) and Liniger and Stiller (2015)

in structured parking facilities.

4.3.3 Optimization Approaches for Mobile Urban Sensing

Optimization techniques support the intelligent deployment of MUS by enabling efficient

path planning, determining the optimal number of agents, scheduling data collection,

and coordinating system operations to maximize performance and resource utilization.

Wang et al. (2024) provided a comprehensive survey of algorithmic strategies for MUS,

focusing on optimization under constraints such as spatial heterogeneity and limited re-

sources. Their review classifies methods by sensing objectives and agent coordination

styles, covering reinforcement learning, task allocation strategies, and federated learning

approaches.

Within the context of smart mobility and environmental sensing, Lin et al. (2017)

examined optimization challenges in smart parking systems, focusing on dynamic sensor

allocation to adapt to fluctuating demand patterns. The study highlighted that opti-

mizing sensor placement and resource allocation significantly improves the efficiency and

scalability of smart mobility solutions. Complementarily, Radmanesh and Bani Younes

(2018) explored Unmanned Aerial Vehicle (UAV)-based path planning for urban sensing

in cluttered, obstacle-dense environments, reviewing motion planning techniques such as

potential fields, genetic algorithms, and graph-based methods. Rather than presenting

experimental results, their review highlights the trade-offs among different approaches

and emphasizes that hybrid strategies may offer the most robust solutions for real-world

aerial navigation.

Hu et al. (2023) optimized path planning for autonomous vehicles conducting park-

ing occupancy sensing. They applied a Partially Observable Markov Decision Process

(POMDP) framework to balance exploration and exploitation under uncertainty in a

controlled parking lot. Their policy prioritized high-interest areas while minimizing re-
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dundant paths, improving detection accuracy and operational efficiency compared to

fixed-route models. Nevertheless, their evaluation was limited to a controlled environ-

ment, which may not capture the full complexity and unpredictability of real-world urban

settings, such as dynamic obstacles, variable parking behaviors, and inconsistent sensing

conditions. Pang et al. (2023) minimized the number of sensors needed for MUS to collect

on-street parking data. They applied integer programming to optimize sensor placement

and ensure full coverage within revisit constraints, using public buses as mobile sensing

agents. However, their method assumed static bus schedules and fixed routes, limiting

adaptability in dynamic urban settings where route changes, delays, or traffic variability

could affect sensing performance.

While optimization techniques for mobile urban sensing have been extensively applied

to parking occupancy detection, parallel efforts have emerged in other domains such as

air quality and noise pollution monitoring. In mobile air sensing, optimization strate-

gies focus on routing agents to maximize spatial-temporal coverage of pollution hotspots,

often using adaptive sampling or reinforcement learning methods to prioritize areas of

high variability (Lameski et al. 2023, Fadhel et al. 2024). Similarly, in noise pollution

monitoring, dynamic path planning and clustering techniques are employed to optimize

coverage in high-risk zones such as construction areas and traffic intersections (Thakuriah

et al. 2020). Broader environmental sensing initiatives involving multiple data streams

(e.g., air quality, noise, temperature) further introduce multi-objective optimization chal-

lenges, including balancing energy consumption, sampling frequency, and spatial coverage

(Rowley and Karakuş 2023).

In contrast to prior work, this study presents a comprehensive model that simultane-

ously optimizes the number of agents and their dynamic routing paths, given the data

collection schedule. By modeling the city as a graph, it enables geofencing, allowing data

to be collected within defined spatial boundaries, which improves operational efficiency,

ensures coverage compliance, and reduces unnecessary resource usage. The model ap-

plies an exact optimization approach and then develops a heuristic method to enhance

computational scalability, supporting deployment across large urban networks under real-

95



istic operational constraints. Table 4.1 compares recent MUS studies by sensing domain

and technical features. Although all use mobile sensing platforms, they differ in geofenc-

ing, optimization methods, and city-scale deployments. This comparison highlights the

distinct contributions of the present study.

Table 4.1: Comparative analysis of MUS studies across application domains and key
technical dimensions. Geo. indicates the use of geospatial triggers or zone-based sensing,
geofencing. Opt. Agents denotes studies that optimize the number of deployed sensing
agents. Opt. Routing refers to optimization of agent trajectories or patrol paths. City
Dep. indicates deployment at city-wide scale or inclusion of large-scale simulation.

Study Application Domain Geo. Opt. Agents Opt. Routing City Dep.

Liu et al. (2019) General MCS Framework ✗ ✗ ✗ ✓
Montori et al. (2017) Pollution and IoT Monitoring ✗ ✗ ✗ ✓
Santhosh (2024) Hybrid Heat / Air Monitoring ✓ ✗ ✗ ✓
Zappatore et al. (2017) Urban Acoustic Monitoring ✓ ✗ ✗ ✓
Matarazzo et al. (2022) Infrastructure Vibration ✗ ✗ ✗ ✓
Fiandrino et al. (2017) Fog Computing + Pollution ✗ ✓ ✗ ✗
Rodrigues (2020) Mobility Flow Tracking ✓ ✗ ✗ ✓
Darsena et al. (2023) Public Transit Occupancy ✓ ✗ ✓ ✓
Lu et al. (2023) Multimodal Parking Detection ✗ ✗ ✓ ✓
Bastos et al. (2023) Adaptive Parking Allocation ✗ ✗ ✓ ✓
Wang et al. (2024) Cross-domain Urban Sensing ✓ ✓ ✓ ✓
Hasan (2023) Pedestrian Safety Monitoring ✓ ✗ ✗ ✗
This Study General Urban Data Collection ✓ ✓ ✓ ✓
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4.4 Optimization Model for Tour-Based Sensing

Consider an urban environment comprising a set of discrete locations that need to be

visited at a defined frequency. Every visit allows the agent to collect data from that

location, e.g., parking occupancy from visited parking facilities. The operational cost of

agents increases, and the data quality (in terms of predictive confidence level) decreases

with the visit frequency. Therefore, in principle, there exists an optimal visit frequency

within allowable limits. In addition to the visit frequency, the visits are conducted by

agents in the form of tours, such that each location is visited once and in one tour, and

the frequency of that tour is inversely related to the duration of completing a lap. From

hereon, we use the term “facility” instead of location for convenience.

We formulate the sensing operation as an optimization problem aimed at minimizing

the total travel time of agents while satisfying visit frequency constraints. The urban

environment is represented as a directed graph G = (V,E), where V denotes the set

of facilities and E the set of road segments connecting them. Travel between any two

facilities i, j ∈ V incurs a symmetric travel time, denoted by Dij, such that Dij = Dji.

The sensing operation is conducted in K closed routes, each covering a subset of facilities.

Each facility must be visited on a given frequency, with inter-visit intervals constrained

between a minimum and maximum headway, denoted by Hmin and Hmax, respectively. A

fleet of F agents are present to perform the data collection.

Model (4.1) captures the sensing agent routing and scheduling problem, incorporating

the operational constraints and objectives described above. Indices i, j ∈ {1, . . . , N}

refer to nodes (parking facilities) in the graph G, and k ∈ {1, . . . , K} indexes the sensing

routes. The objective Z denotes the total weighted travel time of agents across all routes.

The binary variable xk
ij indicates whether an agent on route k travels directly from node

i to node j, while yki indicates whether node i is included in route k. The variable fk

represents the number of agents assigned to route k, and M is a large constant used to

enforce logical constraints.
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Minimize Z =
K∑
k=1

(
N∑
i=1

N∑
j=1

Dij · xk
ij · fk

)
(4.1a)

Subject to:

K∑
k=1

yki = 1, ∀ i (4.1b)

n∑
i=1

yki ≥ 2, ∀ k (4.1c)

∑
j ̸=i

xk
ij =

∑
j ̸=i

xk
ji = 1, ∀ i, k (4.1d)∑

i,j Dijx
k
ij

Hmax

≤ fk ≤
∑

i,j Dijx
k
ij

Hmin

, ∀ k

(4.1e)

yki ≥ 1

2

∑
j

(xk
ij + xk

ji), ∀ i, k (4.1f)

K∑
k=1

fk ≤ F (4.1g)

N∑
i=1

rki = 1, ∀k (4.1h)

tki = 1 +M(1− rki ), ∀i, k (4.1i)

tki + 1 ≤ tkj +M(1− xk
ij), ∀i, j, k (4.1j)

1 ≤ tki ≤ N, ∀i, k (4.1k)

tki ∈ Z≥1, ∀i, k (4.1l)

xk
ij, y

k
i , r

k
i ∈ {0, 1}, ∀i, j, k (4.1m)

fk ∈ Z≥1, ∀ k. (4.1n)

Constraint (4.1b) ensures that each facility is included in exactly one route. Con-

straint (4.1c) ensures that every route covers at least two facilities to form a valid path.

Constraint (4.1d) enforces flow continuity, requiring each visited node to have one incom-

ing and one outgoing arc. Constraint (4.1e) links route length and frequency, enforcing

that the allocated number of agents per route maintains the required headway between

facility observations. Constraint (4.1f) guarantees node inclusion consistency, if a node is

traversed, it must be marked as part of the route. Finally, Constraint (4.1g) limits the

total number of deployed agents across all routes to not exceed the available fleet F .

To eliminate sub-tours and enforce sequential visits, we introduce the variable tki ,

which represents the position of node i in the visiting sequence of route k. To establish a

clear starting point for each route, we define a root node, a node from which the traversal

of route k begins. This root is selected using the binary variable rki , where r
k
i = 1 if node

i is chosen as the root of route k, and rki = 0 otherwise. Constraint (4.1h) ensures that
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exactly one root node is selected for each route. Constraint (4.1i) ensures that if node i

is selected as the root of route k (i.e., rki = 1), then its visit order variable tki is set to 1,

indicating that node i is the starting point of route k. Sequential consistency is enforced

by Constraint (4.1j), which ensures that if route k includes an arc from node i to node j,

then node j must be visited after node i. Constraint (4.1k) bounds the visit order variables

within the valid range of node indices, and Constraint (4.1l) restricts these variables to be

positive integers. Constraint (4.1n) ensures that the number of agents assigned to each

route k is a positive integer.

The proposed mathematical model is nonlinear due to the term xk
ij · fk in the objec-

tive function, which involves the product of a binary and an integer decision variable.

This nonlinearity prevents the use of standard mixed-integer linear programming (MILP)

solvers, and the model must be linearized to ensure computational tractability. To address

this, an auxiliary variable wk
ij ∈ Z≥0 is introduced to represent the product xk

ij · fk. The

variable wk
ij captures the effective weighted flow on arc (i, j) in route k, accounting for

the number of agents assigned to that route. This linearization approach is a widely used

technique in MILP to handle products of binary and integer variables (see, e.g., Wolsey

(1998)). It ensures that wk
ij = fk when xk

ij = 1, and wk
ij = 0 when xk

ij = 0. To ensure the

correct representation of wk
ij, the following constraints are introduced in the model:

wk
ij ≤ xk

ij · F, ∀ i, j, k, (4.2a)

wk
ij ≤ fk, ∀ i, j, k, (4.2b)

wk
ij ≥ fk − (1− xk

ij) · F, ∀ i, j, k, (4.2c)

wk
ij ∈ Z≥0, ∀ i, j, k. (4.2d)

Constraints (4.2a)–(4.2d) ensure the intended product behavior: when xk
ij = 0, con-

straints (4.2a) and (4.2c) force wk
ij = 0; when xk

ij = 1, constraints (4.2b) and (4.2c) imply

wk
ij = fk. The original bilinear term xk

ij · fk in the objective is then replaced by wk
ij,

and the linear constraints (4.2a)–(4.2d) are added to the model to obtain the linearized
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formulation:

min Z =
K∑
k=1

N∑
i=1

N∑
j=1

Dij · wk
ij (4.3a)

s.t. Constraints (4.1b)–(4.1n), (4.3b)

wk
ij ≤ xk

ij · F, ∀ i, j, k, (4.3c)

wk
ij ≤ fk, ∀ i, j, k, (4.3d)

wk
ij ≥ fk − (1− xk

ij) · F, ∀ i, j, k, (4.3e)

wk
ij ≥ 0, ∀ i, j, k, (4.3f)

The revised agent routing and scheduling model (4.3) includes three binary and three

integer variables. Specifically, the model uses binary variables to represent pairwise transi-

tions between nodes, route-facility assignments, and root node selections. Integer variables

are used to capture visiting sequences, number of agents assigned to each route, and the

auxiliary variable to linearize the model.

The computational complexity of the model scales with the number of facilities N and

the number of routes K, and is driven largely by the binary and integer components of

the formulation. Table 4.2 summarizes the asymptotic growth of the variable sets and

constraint groups. The most computationally intensive elements are the binary transition

variables and the sequencing-related integer variables, which together lead to a complexity

of order O(K · N2). These components contribute to a combinatorial explosion in the

solution space, especially as N increases.

Integer programming is NP-hard in general, and the presence of routing-related bi-

nary variables (e.g., for sequencing and sub-tour elimination) significantly increases the

solution complexity. Even for moderately sized instances, solving such models can be

computationally intensive due to the need to explore a vast number of discrete configura-

tions. While the proposed model remains tractable for small- to medium-sized networks,

real-world applications involving large urban areas require a faster approach to achieve

reasonable runtime.
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Table 4.2: Asymptotic Complexity of Model (4.1)

Component Description Asymptotic Count

Decision Variables

xk
ij Travel arc from node i to j in

route k
O(K ·N2)

yki Node i included in route k O(K ·N)

rki Node i is root of route k O(K ·N)

fk Agents assigned to route k O(K)

tki Visit order of node i on route
k

O(K ·N)

wk
ij Linearization of xk

ij · fk O(K ·N2)

Constraints

Routing logic Node assignment, flow conti-
nuity

O(K ·N)

Subtour elimination Order preservation for tour
feasibility

O(K ·N2)

Linearization rules Ensure correct agent-travel
interaction

O(K ·N2)

Frequency bounds Visit interval control per route O(K)

Total Model Complexity Dominated by arc and routing
interactions

O(K ·N2)
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4.5 Heuristic Algorithm

Exact solutions are computationally expensive and time-consuming, particularly for real-

world instances involving a large number of facilities N and routes K. To address this

scalability challenge, a heuristic algorithm is proposed to efficiently generate high-quality

approximate solutions.

The algorithm begins by applying k-means clustering to partition the set of facilities

into K spatially coherent clusters. This step reduces problem complexity by enabling

localized route planning within each cluster. To ensure feasibility, each cluster is required

to contain at least two facilities, thereby avoiding configurations that are too small to sup-

port valid route construction. If any cluster contains only a single facility, the clustering

process is re-initialized until a valid partition is achieved. Once clustering is complete, an

initial route is constructed within each cluster using a Nearest Neighbor (NN) algorithm.

To reduce sensitivity to the starting point, a known limitation of NN, routes are generated

from each node in the cluster. For each starting node, a complete tour is built, and among

these route candidates, the one with the shortest total travel distance is selected.

4.5.1 Node Swapping Procedure

After constructing initial routes, the algorithm enters a two-step node swapping phase

to globally refine the solution. This phase involves both intra-cluster route adjustments

and inter-cluster node reassignments. Guided by a Lagrangian relaxation framework, the

algorithm evaluates the effect of moving nodes within or between clusters with the goal of

minimizing overall travel time while satisfying headway and feasibility constraints. Dual

variables associated with connectivity and visit order constraints quantify the marginal

cost of constraint violations and help identify high-impact node movements. Nodes are

then iteratively reassigned to further refine the routing plan, ensuring compliance with

all model constraints.
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4.5.1.1 Intra-cluster Route Optimization

The intra-cluster optimization phase improves the initial NN-based routes by reordering

nodes within each cluster to minimize travel distance and Lagrangian penalties, while

maintaining connectivity and feasibility. To achieve this, the classic 2-Opt local search

algorithm is applied, a widely used technique in route optimization problems such as

the Traveling Salesman Problem (TSP) (Croes 1958). In 2-Opt, the algorithm iteratively

examines all pairs of non-adjacent edges in a given route. For each pair, it removes the two

edges and reconnects the segments by reversing the order of the intermediate nodes. This

process can eliminate edge crossings and shorten the route. After each potential swap, the

total route distance is recalculated. If the swap results in a shorter route, the update is

accepted. The process continues until no further improvement is observed or a predefined

limit of 1000 iterations is reached. This refinement step ensures that intra-cluster routing

is as efficient as possible before any inter-cluster changes are made. Without this, global

improvements could be based on suboptimal local routes, reducing the overall solution

quality.

To illustrate the intra-cluster optimization process, a simplified example with thirty

dummy nodes is presented. These nodes are first clustered into three groups using k-

means. Figure 4.1 shows the clustering result, where each cluster is indicated by a distinct

marker shape.
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Figure 4.1: Clustering of 30 spatial points into three groups using k-means clustering.
Each cluster is represented with a distinct marker shape and cluster centroids are marked
with X symbols.

Node labels correspond to their dataset indices, and cluster centroids are marked with

X symbols. The k-means algorithm forms spatially compact groups by minimizing the

distance between nodes and their respective centroids. Figure 4.2 demonstrates how intra-

cluster optimization through reordering nodes within clusters can enhance route efficiency

while preserving feasibility. Arrows indicate the direction of travel. In Panel (a), initial

routes are constructed using the NN algorithm within each cluster, which results in paths

with unnecessary edge crossings and suboptimal ordering. Panel (b) shows the result

of applying the 2-Opt algorithm within each cluster, which systematically removes edge

crossings and reconnects segments in a more efficient order. As a result, the total travel

distance is reduced from 381.87 units to 376.56 units. This example highlights how intra-

cluster optimization improves the initial routing solution produced by NN and prepares

the clusters for potential improvements through inter-cluster node swapping.
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Figure 4.2: An example of intra-cluster node swapping. (a) The initial route generated
by the NN algorithm. (b) The optimized route after applying the 2-Opt algorithm.

4.5.1.2 Inter-cluster Node Reassignment

The inter-cluster optimization phase aims to improve overall routing efficiency by reas-

signing nodes between clusters to reduce the total travel distance of agents. While the

initial k-means clustering groups nodes based on proximity to centroids, it does not con-

sider route continuity or visit order. Consequently, nodes near cluster boundaries or those

that disrupt internal route flow may introduce inefficiencies, even if they are spatially close

to a centroid. Inter-cluster swapping addresses this limitation by re-evaluating node as-

signments based on their contribution to route-level efficiency. Nodes that contribute less

efficiently to intra-cluster routing or lie near the edge of a cluster may be reassigned to

neighboring clusters where their inclusion results in shorter overall paths. This adjust-

ment better aligns spatial grouping with actual routing performance, an alignment that

centroid-based clustering alone cannot guarantee.

To implement this refinement, the algorithm performs a greedy search over all pairs

of clusters, systematically evaluating possible node swaps. For each unique cluster pair,

it examines all node pairs, one from each cluster, and temporarily exchanges them. After

each trial swap, the updated routes are recalculated within the affected clusters, and the

total travel distance is compared to the original. If the swap yields a strictly lower total

distance, it is accepted; otherwise, the nodes revert to their original clusters.

105



The swap procedure is governed by two stopping criteria designed to balance opti-

mization quality with computational efficiency. The first criterion limits the total number

of improvement iterations, where each iteration involves evaluating possible node reas-

signments between clusters. This prevents the algorithm from running indefinitely and

promotes timely convergence. The second criterion restricts the number of accepted swaps

allowed within each iteration. By limiting the extent of changes per cycle, the algorithm

avoids excessive reassignments that could compromise previously optimized intra-cluster

routes. The process terminates early if no beneficial swaps are identified in an iteration

or if both stopping conditions are met, ensuring that the refinement step remains both

effective and computationally manageable. Figure 4.3 illustrates an example of inter-

cluster optimization process, building upon the intra-cluster optimization results shown

in Figure 4.2.
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Figure 4.3: An example of inter-cluster swapping. Panel (a) shows the route configuration
after the 2-Opt step. Panel (b) illustrates the result of swapping Node 10 from Cluster 3
with Node 29 from Cluster 1.

In Panel (a), Node 10 is assigned to Cluster 3 and Node 29 to Cluster 1. While locally

efficient, this configuration remains globally suboptimal. Panel (b) shows the outcome

after swapping the two nodes across clusters, resulting in a 30.52-unit reduction in total

travel time. The complete swapping process that generates the route configurations is

detailed in Algorithm 1.
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Algorithm 1 Node Swapping Procedure

1: Input: Initial route assignments from Nearest Neighbor algorithm
2: Output: Refined route assignments
3: (a) Intra-route Swapping
4: for each route k do
5: repeat
6: Apply 2-Opt to reorder nodes within route k
7: Update travel time for the route
8: until convergence is achieved or maximum number of iterations is reached
9: end for

10: (b) Inter-route Swapping
11: repeat
12: for each pair of routes (k, k′) do
13: for each pair of nodes (i ∈ k, j ∈ k′) do
14: Temporarily swap nodes i and j
15: Recalculate total travel time of affected routes
16: if swap reduces total travel time then
17: Accept the swap
18: else
19: Revert to original assignment
20: end if
21: end for
22: end for
23: until no further improvement is observed, the maximum number of iterations is

reached, or the allowed number of swaps in an iteration has been exceeded
24: Return: Updated route assignments

After the node swapping procedure is completed and the routes are finalized, the rout-

ing configuration yields fixed values for yki and xk
ij, indicating whether node i is covered

by route k, and whether edge (i, j) is included in route k, respectively. These binary

variables, now treated as known parameters, define the finalized structure of each route.

Based on this configuration, the following linear resource allocation model is solved to de-

termine the optimal number of sensing agents (agents) assigned to each route. Model (4.4)

ensures that the headway constraints at each node are satisfied and that the total number

of deployed agents does not exceed the available fleet capacity.
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min Z =
∑
k

(∑
i

∑
j

Dij · xk
ij · fk

)
(4.4a)

s.t.
1

Hmax

n∑
i=1

n∑
j=1

Dij x
k
ij ≤ fk ≤ 1

Hmin

n∑
i=1

n∑
j=1

Dij x
k
ij, ∀ k, (4.4b)

∑
k

fk ≤ F, (4.4c)

fk ∈ Z≥1, fk ≤ F, ∀ k. (4.4d)

Since the routing structure xk
ij is fixed, the model reduces to an integer linear program

defined over the decision variables fk, allowing for efficient computation. Establishing

the route configuration prior to resource allocation simplifies the problem and enables

rapid determination of the optimal agent distribution. The complete heuristic procedure,

including clustering, route construction, node swapping, and resource optimization, is

summarized in Algorithm 2.

The proposed heuristic reduces computational complexity by dividing the problem

into sequential stages: clustering, route generation, and iterative refinement. Within this

framework, the node swapping phase plays a critical role in enhancing solution quality

through targeted local adjustments. By incorporating both intra- and inter-route swap-

ping heuristics, the algorithm incrementally improves route structure and agent allocation

while maintaining tractable computational requirements.
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Algorithm 2 Agent Allocation

1: Input: Total agents F , number of routesK, headway boundsHmin, Hmax, and dataset
df with node coordinates (X, Y )

2: Output: Agent allocation per route fk, final route assignments xk
ij, y

k
i

3: Step 1: Clustering
4: repeat
5: Partition nodes into K clusters using k-means
6: if any cluster has fewer than 2 nodes then
7: Merge with nearest neighbor or reinitialize
8: end if
9: until all clusters have at least 2 nodes

10: Step 2: Initial Route Construction
11: for each route k do
12: Compute travel time matrix Dij

13: Construct route using Nearest Neighbor (NN)
14: end for
15: Step 3: Swapping Phase
16: Refine routes using Swapping Procedure (Alg. 1)
17: Step 4: Agent Allocation
18: Solve model (4.4) to find optimal fk for each route
19: Return: Optimal fk, and route assignments xk

ij, y
k
i
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4.6 Analysis

This section presents a comprehensive evaluation of the proposed heuristic algorithm and

its comparison with the exact optimization model. We begin with a baseline assessment on

small-scale instances to validate the exact model. We then compare performance across

scenarios, analyze heuristic scalability, and conduct sensitivity analyses on key design

parameters such as revisit constraints and route count. The section concludes with visual

illustrations of heuristic-based routing patterns.

4.6.1 Experimental Setup and Dataset Description

The R1 dataset, introduced by Solomon (1987), is a standard benchmark for evaluating

and comparing routing algorithms. It consists of 100 randomly distributed points within a

square area, with distances computed using the Euclidean metric. This dataset is utilized

in our numerical experiments to assess the performance of both the exact optimization

model and the proposed heuristic approach.

4.6.2 Baseline Evaluation: Exact Optimization Results

To establish a performance baseline and better understand how the optimization model

responds to different revisit and clustering constraints, we first examine exact solutions

on a small, tractable subset of the problem. Specifically, the model is applied to the first

ten nodes of the Solomon dataset and evaluated under varying values of the number of

clusters K and maximum headway Hmax.

Figure 4.4 illustrates the optimal routing configurations and the corresponding number

of sensing agents (agents) assigned to each route, as determined by the exact optimization

model.
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Figure 4.4: Visualization of optimization results using the first 10 points of the dataset.
Subfigures (a)–(c): K = 2, 3, 4, Hmax = 5; (d)–(f): K = 2, 3, 4, Hmax = 10.

In each row of the figure, the number of clusters K increases from left to right, while

Hmax remains fixed. From top to bottom, the value of Hmax increases, enabling compar-

isons across different revisit frequency constraints.

Panels (a)–(c) correspond to Hmax = 5, while panels (d)–(f) correspond to Hmax = 10.

As the number of clusters increases from 2 to 4 in each row, the routes become more

spatially localized, and the number of agents per route decreases. This reflects improved

spatial partitioning and reduced travel burden per agent. Meanwhile, increasing Hmax

from the top to the bottom row allows greater flexibility in scheduling, reducing the total

number of required agents and, in some cases, such as panels (a) versus (d), prompting a

reconfiguration of routes that further lowers total travel time.

These results illustrate how the optimization model balances agent deployment and

route design under competing operational constraints, and they serve as a reference point

for evaluating the performance of the proposed heuristic approach in larger instances.
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4.6.3 Heuristic Validation: Comparison Against Exact Model

To evaluate the effectiveness of the proposed heuristic algorithm, we compare its per-

formance against the exact optimization model across a range of experimental settings.

Table 4.3 summarizes the results, including key performance metrics such as the total

number of agents assigned, total travel time, computational runtime, and the relative

speedup achieved by the heuristic.

The comparison highlights the influence of problem parameters, particularly the re-

visit constraints Hmin and Hmax, the number of routes K, and the number of nodes N ,

on optimization outcomes. As Hmax increases, allowing longer intervals between visits,

the number of assigned agents and total travel time decreases, since fewer agents are

needed to satisfy less frequent monitoring requirements. Increasing the number of routes

K improves spatial coverage and reduces travel distance by enabling more localized as-

signments. However, as the number of nodes N grows, the computational time required

by the exact model increases rapidly, often becoming impractical for real-time applica-

tions. In contrast, the heuristic algorithm remains computationally efficient across all

scenarios. The heuristic achieves substantial runtime reductions, often by several or-

ders of magnitude, compared to the exact model. This speedup increases with problem

size and complexity. While the exact model scales exponentially, the heuristic algorithm

maintains polynomial-time performance and produces near-optimal solutions that closely

approximate the exact results. This makes it particularly well-suited for large-scale or

time-sensitive deployments in urban environments. Figure 4.5 further illustrates the com-

parison by plotting the total number of assigned agents
∑

k f
k and the total travel time

Z for both approaches. The plots confirm that the heuristic algorithm delivers solutions

with minimal deviation from the exact model while drastically reducing computation

time. This trade-off between solution quality and efficiency makes the heuristic a prac-

tical tool for real-time decision-making, large-scale simulations, and sensitivity analyses

where extensive parameter tuning may be required.
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Table 4.3: Comparison of optimization results between the exact model and heuristic
algorithm, evaluating agent allocation, travel time, computational efficiency, and speedup
across various scenarios.

Scenario N K Hmin Hmax Exact Model Heuristic Algorithm∑
k fk Z

Run Time
(sec)

∑
k fk Z

Run Time
(sec)

Speedup
(%)

1 10 1 1 3 55 9040.2 21 55 9040.2 0.34 209838
2 10 1 1 5 33 5425.2 33 36 5424.1 0.11 329967
3 10 1 1 10 17 2794.8 32 17 2794.2 0.11 319966
4 12 1 1 3 62 11477.4 64 62 11475.0 0.14 639978
5 12 1 1 5 38 7034.6 247 38 7033.1 0.13 2469995
6 12 1 1 10 19 3617.3 460 19 3516.5 0.13 4599997
7 14 1 1 3 64 12144.6 253 68 13861.1 0.19 2529992
8 14 1 1 5 38 7210.9 482 41 8357.4 0.23 4819995
9 20 1 1 3 85 21471.0 1231 91 24814.3 0.22 12309998
10 10 2 1 3 57 5307.1 752 62 5634.5 0.21 7519997
11 10 3 1 5 33 1797.6 1082.73 36 2110.3 0.22 10827298
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Figure 4.5: Comparison of agent count
∑

k f
k and total travel time Z for exact and

heuristic methods. The green circles represent the results obtained from the exact model,
while the red crosses indicate the results produced by the heuristic algorithm.

4.6.4 Scalability and Efficiency of the Heuristic Algorithm

To evaluate the scalability of the proposed heuristic algorithm, we apply it to a larger

problem instance consisting of the first 50 nodes from the Solomon dataset. Figure 4.6

illustrates the optimized routes produced under varying numbers of clusters K, while

Table 4.4 reports the corresponding number of sensing agents (agents) assigned to each

route.

The results demonstrate that the heuristic consistently generates spatially efficient

and well-balanced routing configurations across a wide range of cluster counts. Moreover,
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the algorithm maintains high computational efficiency as problem size increases, enabling

practical deployment in large-scale urban environments.
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Figure 4.6: Heuristic-optimized routes for a 50-node instance with varying values of K.

Table 4.4: Number of agents assigned to each route, fk, for the example shown in Fig-
ure 4.6. Dashes indicate infeasible cases where k exceeds K.

K f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 f11 f12 f13

1 103 — — — — — — — — — — — —
2 51 52 — — — — — — — — — — —
3 29 34 43 — — — — — — — — — —
4 24 26 27 30 — — — — — — — — —
5 15 18 23 24 27 — — — — — — — —
6 14 14 14 15 21 23 — — — — — — —
7 12 13 14 14 14 15 15 — — — — — —
8 9 9 10 13 14 14 15 17 — — — — —
9 7 9 9 9 12 14 14 14 17 — — — —
10 7 9 9 10 10 11 11 12 13 14 — — —
11 6 7 8 9 9 9 9 10 11 12 13 — —
12 6 6 7 8 8 9 9 9 9 11 11 13 —
13 6 6 6 6 7 8 8 9 9 10 10 10 12

114



4.6.5 Sensitivity Analysis and Design Insights

This section investigates how key model parameters influence agent allocation, routing

efficiency, and overall system performance. In practice, operational constraints such as

revisit frequency, route count, and fleet size must be carefully tuned to balance resource

limitations with monitoring coverage. To support informed decision-making, we conduct

a series of sensitivity analyses focusing on three core design parameters: the headway

bounds Hmin and Hmax, and the number of routes K for different number of parking fa-

cilities. The results provide insights into the trade-offs between service frequency, travel

time, and resource utilization, offering practical guidance for configuring sensing opera-

tions in dynamic urban settings.

Impact of Headway Parameters: We examine how variations in the headway con-

straints, Hmin and Hmax, affect agent allocation and total travel time. Figure 4.7 shows

the impact of Hmax on these outcomes across different node sizes. Panel (a) reports the

total number of agents, and panel (b) shows the corresponding travel time, both as func-

tions of Hmax. In both panels, it is observed that for any fixed value of Hmax, increasing

the number of nodes leads to higher resource requirements and longer total travel time.

Conversely, as the maximum allowable headway increases, i.e., when the time interval be-

tween successive visits to a node can be relaxed, the total number of agents and the overall

travel time decrease. This trend reflects the system’s ability to economize on agents when

the frequency of observations is reduced. The rate of reduction is not linear. The decline

in both metrics follows an exponential pattern, exhibiting diminishing returns. Specifi-

cally, there exists a threshold beyond which increasing Hmax yields marginal changes in

either the number of required agents or total travel time.

This insight is particularly critical for decision-makers tasked with deploying agents in

heterogeneous urban environments. In practice, the required frequency of data collection

is not uniform across all regions of a city. High-turnover areas, such as commercial

districts, downtown cores, or zones near transit hubs, experience rapid changes in parking

occupancy and therefore demand more frequent monitoring to ensure accurate real-time

availability data. In these locations, stricter headway requirements (i.e., lower Hmax) are
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necessary, which in turn necessitates a larger number of agents to maintain coverage.

Conversely, in suburban areas or low-turnover zones where parking durations are typi-

cally longer and changes in occupancy occur less frequently, a larger headway value may be

acceptable. This flexibility allows planners to allocate fewer agents without significantly

compromising data accuracy or service quality in those regions. Thus, the trade-off be-

tween Hmax and resource allocation should not be treated uniformly but rather adapted

based on localized parking dynamics.
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Figure 4.7: Effect of Hmax on agent count and travel time across different node sizes.

To complete the headway analysis, Figure 4.8 shows the optimization results under

varying minimum headway values, Hmin. Since the model minimizes total travel time while

satisfying the upper bound Hmax, the minimum headway constraint remains non-binding

across a wide range of lower Hmin values. During this phase, both the total travel time

and the number of agents remain unchanged, indicating that small increases in Hmin have

no effect on the optimum solution. However, when Hmin nears Hmax, the revisit interval

becomes more flexible, allowing greater freedom in scheduling. This shift triggers a sharp

drop in both total travel time and agent allocation, signaling a sudden change in the

optimal configuration. This behavior underscores the importance of carefully calibrating

the headway window. A well-chosen gap between Hmin and Hmax ensures reliable coverage

without incurring unnecessary sensing costs, particularly in areas where high-frequency

monitoring is not required.
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Figure 4.8: Effect of Hmin on optimization outcomes.

Impact of Route Count on Sensing Efficiency: The number of routes, K, is a key

design parameter determined by the planner based on operational constraints and desired

coverage granularity. Figure 4.9 presents the optimization results as a function of the

number of routes. Panel (a) shows the total number of agents required, while panel (b)

illustrates the corresponding total travel time. Increasing the number of routes generally

leads to a reduction in total travel time, as routes become shorter and more localized.

However, the behavior of the optimal number of agents is less predictable. For small

values of K, the number of agents increases with the number of routes. Beyond a certain

point, however, the pattern becomes irregular and highly dependent on specific problem

parameters. These findings indicate that the number of routes should not be arbitrarily

increased. Instead, planners should tune K to balance travel efficiency with agent avail-

ability, aligning route design with resource constraints and overall system performance

goals.
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Figure 4.9: Comparison of optimization results as a function of K for different number of
nodes. (a) Total number of agents required across routes, (b) The corresponding travel
time. Parameters: K = 3, Hmin = 1, F = 500.
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4.7 Case Study: On-Street Permit Parking in Toronto

To assess the practical utility of the proposed optimization framework, we conduct a case

study based on the On-Street Permit Parking Area dataset published by City of Toronto

(2024b). This dataset includes the boundaries of 97 officially designated on-street permit

parking zones distributed throughout the City of Toronto, with each zone represented as

a distinct polygonal geometry (see Figure 4.11-(a)).

All spatial features are encoded using theWGS 84 coordinate reference system (EPSG:4326)

and represented as nested polygons suitable for geospatial analysis. Each polygon is as-

sociated with a unique alphanumeric identifier and accompanied by structured metadata,

including short labels, descriptive area names, and textual annotations aligned with the

classification schema adopted by the Toronto Parking Authority.

4.7.1 Fleet Capacity

To estimate the upper bound on deployable agents, we draw on data from Bike Share

Toronto, a program operated by the Toronto Parking Authority. The system comprises

a fleet of approximately 6,850 shared bicycles distributed across more than 700 docking

stations1.

Bike share networks span large urban areas and generate continuous streams of mobil-

ity data, making them well-suited for city-scale sensing applications. Beyond promoting

sustainable transportation, these systems have also been investigated as mobile sensing

platforms for urban infrastructure monitoring. For example, He et al. (2021) introduced

a crowdsensing approach that identifies illegally parked vehicles by detecting deviations

in GPS traces of shared bikes moving through designated cycling lanes.

Assuming each bicycle is equipped with sensing hardware capable of capturing park-

ing occupancy data, we define the upper bound of deployable agents as F = 6,850. For

resource-constrained scenarios, smaller subsets of the fleet (e.g., 10%) may be selected to

evaluate the framework’s performance under limited deployment conditions. To comple-

1Fleet data from: https://open.toronto.ca/dataset/bike-share-toronto/
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ment this, we incorporate spatial data from the City of Toronto’s official cycling network,

which delineates the city’s bikeway infrastructure,2 as shown in Figure 4.10.

Figure 4.10: Toronto cycling network overlaid on an OpenStreetMap basemap. The
network includes cycle tracks, bike lanes, sharrows, multi-use trails, and signed routes.

The dataset includes various types of bikeways: cycle tracks, bicycle lanes (including

buffered and contra-flow lanes), neighborhood routes with sharrows (including wayfinding

sharrows), multi-use trails (off-road and in-boulevard), and signed cycling routes. These

classifications provide insight into likely bike travel paths and enable integration of realistic

mobility constraints into the sensor deployment model.

4.7.2 Headway Parameter Calibration

We begin our spatial analysis by examining the geographic distribution of the 97 permit

parking zones, as illustrated in Figure 4.11-(a). To quantify spatial relationships between

2Cycling network data: https://open.toronto.ca/dataset/cycling-network/

120



zones, we compute all pairwise haversine distances, accounting for Earth’s curvature,

based on the latitude and longitude coordinates provided in the dataset. The resulting

histogram in Figure 4.11-(b) reveals a high density of facility pairs within a 2–6 km

range, peaking around 4.5 km. This distance distribution forms the basis for setting

service coverage and visit frequency parameters in the optimization model.

Assuming an average urban cycling speed of 15 km/h, each kilometer corresponds to

roughly 4 minutes of travel time. Accordingly, the modal pairwise distance of 4.5 km

implies a travel time of approximately 18 minutes. Based on this estimate, we recom-

mend setting the minimum headway parameter Hmin between 15 and 25 minutes to avoid

excessive revisits to nearby locations. Conversely, the maximum headway Hmax can range

from 50 to 60 minutes to ensure sufficient coverage of more spatially dispersed areas.

Although granular turnover data specific to Toronto are unavailable, studies in urban

mobility suggest average turnover periods of 1–2 hours in high-demand urban districts

and 3–6 hours in suburban or lower-demand zones (Shoup 2011). These findings support

the use of determined headway values. In cases where real-time or historical usage data

become available, headway calibration can be further refined based on context-specific

factors such as time of day, demand intensity, parking zone capacity, and operational

priorities.
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(a) Geographic distribution of on-street permit parking zones in Toronto.
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(b) Histogram of pairwise haversine distances
between permit zones.
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(c) Elbow plot of within-cluster sum of
squares (WCSS) for K-means clustering
with K ∈ [1, 40].

Figure 4.11: Spatial analysis and clustering results of on-street parking zones in Toronto.

4.7.3 Clustering for Route Generation

To apply the optimization model, we first compute the geographic centroid of each park-

ing zone based on its polygon geometry. We then perform k-means clustering on these

centroids to divide the service area into spatially coherent sub-regions, facilitating efficient

route generation.

To determine the optimal number of clustersK, we apply the elbow method by plotting

the within-cluster sum of squares (WCSS) across a range of K values, as illustrated
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in Figure 4.11-(c). To automate the identification of the elbow point, we employ the

KneeLocator algorithm (Satopaa et al. 2011), which detects K = 8 as the optimal number

of clusters, corresponding to the point of diminishing returns in WCSS. Setting K = 8

balances route compactness and spatial coverage, thereby enhancing operational efficiency.

Figure 4.12 presents the optimized service routes for the eight clusters, each covering a

distinct subset of Toronto’s on-street permit parking zones.

Figure 4.12: Optimized data collection routes for on-street permit parking zones in
Toronto. Parameters: K = 8, F = 6, 850, Hmin = 20 minutes, and Hmax = 55 min-
utes.

4.7.4 Performance Evaluation

To assess the effectiveness of the proposed framework, we evaluate the impact of key

parameters on agent allocation and routing efficiency. Figure 4.13 summarizes the model’s

output in terms of total agent count and route travel time across varying numbers of

clusters K. Both the number of required agents and the total travel time initially decrease

with increasingK, as clustering enables more localized routing. However, beyond a certain

threshold, identified as K = 8 using the elbow method, further increases yield diminishing

returns. Specifically, the number of required agents remains relatively stable beyond this

point, indicating that additional clustering does not significantly enhance efficiency.
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While our framework determines optimal routes based on spatial clustering and head-

way constraints, future applications could benefit from integrating empirical mobility

data. For instance, bike share trip patterns, such as the frequency of trips between ori-

gin–destination pairs, could be used by transportation planners to align sensing routes

with the city’s most active corridors. This alignment would help prioritize areas with high

usage and support data-driven decision-making in real-world deployments.
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Figure 4.13: Impact of varying parameters on agent allocation and travel time. Here,
Hmin = 20 minutes. (a) Optimized number of agents and (b) travel time.

Our results show that performing crowdsensing-based parking occupancy monitoring

in Toronto is feasible using approximately 25% of the current Bike Share Toronto fleet.

Equipping this subset of shared bicycles with sensing hardware, such as cameras, LiDAR,

or ultrasonic sensors, can enable a continuous and scalable flow of real-time parking data

across the city.
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4.8 Chapter Summary

This study presents a comprehensive optimization framework for mobile crowdsensing in

urban parking environments, addressing the dual challenges of agent routing and alloca-

tion under practical operational constraints. We formulate a mixed-integer programming

model with explicit headway bounds and propose a scalable heuristic algorithm that de-

livers flexible, efficient, and high-performing solutions suitable for real-world deployment.

Results from both the exact and heuristic models show that increasing the maximum

allowable revisit interval, Hmax, significantly reduces the number of required agents and

total travel time. Optimizing the number of service routes, K, improves spatial coverage

and agent distribution, although excessive segmentation yields diminishing returns. The

proposed heuristic approach consistently achieves near-optimal performance, within 1–2%

of the exact model, while reducing computation times by several orders of magnitude,

making it well-suited for large-scale urban networks.

The case study conducted in Toronto demonstrates the practical applicability of the

proposed optimization framework in a real-world urban environment. By leveraging open

data on on-street permit parking zones and the city’s cycling network, we simulate a

realistic deployment scenario for sensing agents using shared bicycles. Through spatial

clustering, headway calibration, and route optimization, the model effectively minimizes

the number of required agents and total travel time while maintaining sufficient revisit

frequency. The results show that the entire city can be monitored using only half of the

existing Bike Share Toronto fleet, suggesting a scalable and sustainable solution for park-

ing occupancy detection. While the model operates independently of usage data, future

integration with bike share trip patterns may further enhance route prioritization and

policy alignment, providing a valuable tool for city planners and transportation agencies.

This framework opens several promising avenues for future research. Integrating dy-

namic traffic and parking demand data could enable real-time, adaptive routing. Incor-

porating predictive models to identify high-demand or frequently occupied zones may

improve resource targeting. Additionally, extending the model to account for heteroge-
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neous agent capabilities, battery or energy constraints, and multimodal mobility behaviors

would increase realism and operational fidelity.

Overall, this research contributes a robust and adaptable solution to the problem of

city-scale parking occupancy sensing. By jointly optimizing agent allocation, routing, and

visit frequency under real-world constraints, the proposed framework supports the design

of scalable, cost-effective, and sustainable smart city monitoring systems.
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Chapter 5

CHAPTER FIVE:

IMPLEMENTING PARKING

OCCUPANCY DETECTION

USING DASHCAM FOOTAGE
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5.1 Chapter Overview

The absence of real-time on-street parking availability data can result in extended parking

search times and increased traffic congestion. The primary solution to this issue is to

provide a real-time parking availability map that assists drivers in locating vacant parking

spaces. Various devices can be used to collect parking availability data, each with its

own set of advantages and drawbacks. Traditional parking sensors like magnetic pucks

face high maintenance costs, low accuracy, and weather sensitivity. Steady cameras and

sensors have limited sight ranges, which means that deploying these devices in specific

locations will only cover a restricted number of parking spots. An alternative solution is

crowdsensing, in which drivers utilize smartphones or onboard devices to share on-street

parking availability. Crowdsensing offers flexibility and scalability, reducing the need

for expensive infrastructure and resource allocation. Recently, the use of dashcams in

vehicles for recording road events has seen significant growth. Our goal is to harness the

data captured by these dashcams to create a digital parking availability map. In the initial

step, we employ a pre-trained model to perform object detection and classification tasks

on the raw videos recorded by dashcams. Subsequently, we must filter out unnecessary

detected objects while safeguarding sensitive data and respecting individuals’ privacy. The

final step involves extracting metadata from the dashcam recordings to retrieve GPS data

and accurately pinpoint the detected cars, allowing us to generate a parking occupancy

map. From a technical perspective, this approach involves object detection and real-

time parked car counting using the YOLOv8 model from the Ultralytics library. Video

management and annotation tools from the supervision library provided by Roboflow

and the OpenCV library are utilized to create this program. Using Exiftool, we make use

of embedded GPS data in dashcam footage to identify legal parking spots. Finally, we

develop a prediction model to estimate the probability of finding parking spots in a given

area, further enhancing the efficiency of urban parking management.
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5.2 Introduction

Limited on-street parking facilities and the increasing reliance on private cars have strained

the balance between supply and demand for parking spots (Box 2004). Searching for park-

ing can account for anywhere from 8% to 74% of traffic, incurring substantial congestion

costs (Shoup 2006, Zhu et al. 2020). In the Greater Toronto and Hamilton Area, parking-

related congestion is estimated to cost $3.3 billion annually, while insufficient curbside

parking results in $2.7 billion in economic losses as businesses lose customers and jobs

(Metrolinx 2008). Rather than expanding costly and often impractical parking facilities,

a more effective approach is to optimize existing parking resources by disseminating real-

time parking availability information (Lin et al. 2017). This information helps drivers

navigate directly to vacant spots, plan their trips more efficiently, and in some cases,

reconsider their mode of transport. It also aids law enforcement by pinpointing density

violations or illegal parking.

Crowdsensing provides a cost-effective approach to collect real-time parking data by

leveraging mobile devices, such as smartphones or vehicle-based sensors, instead of costly

stationary infrastructure (Ganti et al. 2011). Crowdsensing supports intelligent trans-

portation systems by supplying traffic flow information, travel patterns, and carbon foot-

print estimates (Pilloni 2018). Motivated by these benefits, we propose employing crowd-

sensing in parking availability data collection by equipping shared bikes with a smart box,

including a dashcam, power supply, and an edge processor, to detect on-street parking

vacancies. Bikeshare systems traverse extensive urban areas, producing continuous data

feeds while promoting sustainable transport. We therefore investigate two main questions:

how dashcam footage from shared bikes can produce a real-time parking occupancy map?,

and how such data can provide reliable, forward-looking predictions?

Image-based methods for parking occupancy detection have been extensively explored

to provide automated solutions for monitoring parking availability. Grbić and Koch (2023)

applied deep learning to images from fixed cameras for parking lot monitoring, which

works well for structured facilities but requires predefined locations and fixed infrastruc-
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ture. To expand beyond static setups, Wu and Yeh (2019) developed a neural-network-

based method that uses dashboard camera footage to identify available parking spaces

in real time as a vehicle moves. Their model processes these video frames in real time,

extracting spatial and temporal cues to identify vacant spots before the vehicle arrives at

them. Beyond image-based methods, bikeshare systems have also been used for parking

occupancy detection. For example, He et al. (2021) demonstrated a crowdsensing-based

approach that identifies illegally parked vehicles using shared bikes’ GPS traces, detecting

obstructions by analyzing path deviations in designated cycling lanes.

We use footage from moving dashcams mounted on shared bikes to generate real-

time parking availability maps and forecasts. The mobility of bikeshare users provides

continuous coverage in areas lacking fixed surveillance. For example, the Toronto Parking

Authority’s Bike Share program operates 6,850 bikes across 625 docking stations, running

24/7 year-round. Since its launch in 2011, the program has recorded over 15.9 million

rides, with ridership increasing by 21% from 2019 to 2020 and by 17% from 2020 to 2021

(City of Toronto 2024a). Furthermore, using bikes aligns with sustainability goals and

reduces privacy concerns compared to relying on dashcam footage from private vehicles.

By performing on-bike edge processing, we reduce the computational burden associated

with handling the large volumes of data collected by riders.

The remainder of this research is organized as follows. Section 5.3 provides an overview

of the related literature. Section 5.4 presents a detailed explanation of the methodology,

including video analysis, geo-fencing, and edge processing.
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5.3 Literature Review

This section reviews existing literature on parking occupancy detection, with a particular

focus on crowdsensing-based approaches. First, we discuss traditional parking occupancy

detection technologies, highlighting their advantages and challenges. Next, we exam-

ine crowdsensing methods that utilize sensor-equipped vehicles, smartphones, and video-

based detection systems to improve real-time parking monitoring. Finally, we explore

predictive modeling techniques, including queuing theory-based approaches and machine

learning algorithms, used to forecast parking availability based on historical and real-time

data.

5.3.1 Parking Occupancy Detection Technologies

Accurate and efficient parking availability detection is essential for improving urban mobil-

ity, reducing congestion, and optimizing space utilization. However, selecting a practical,

scalable, and cost-effective method remains a challenge, as different technologies come

with trade-offs in accuracy, implementation costs, and real-time adaptability (Revathi

and Dhulipala 2012, Sarker et al. 2020). This section explores various parking occupancy

detection technologies, including in-ground sensors, camera-based systems, GPS and Blue-

tooth tracking, and transaction data analysis, highlighting their advantages, limitations,

and suitability for large-scale deployment.

In-ground Sensors

One approach involves installing in-ground, laser, or magnetic sensors in parking spots,

which provide binary outputs indicating whether a space is occupied or available (Zhang

et al. 2015). Several projects have implemented these sensors. For instance, the “SFpark”

project in San Francisco, launched in 2010, successfully reduced drivers’ parking search

time by 50% through in-ground sensor technology (SFpark 2014). Similarly, in China,

a wireless network of in-ground magnetic sensors achieved 99% accuracy by neutralizing

the impact of temperature fluctuations on sensor performance (Gu et al. 2012). How-
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ever, despite their effectiveness, in-ground sensors present scalability challenges. Their

high installation and maintenance costs make widespread deployment difficult, and their

accuracy depends on drivers parking in designated areas.

Camera-Based Parking Detection

Stationary cameras offer an alternative approach to collecting parking occupancy data. In

this method, cameras mounted on poles record vehicle movements to determine parking

availability. Compared to in-ground sensors, cameras provide a more cost-effective and

scalable solution, as they can monitor multiple parking spaces simultaneously and collect

data for various urban applications (Farley et al. 2021).

Chen et al. (2020) leveraged existing roadside surveillance equipment and real-time

processing to capture parking occupancy. Their proposed model employs one-shot object

detection to identify vehicles and uses image processing techniques to determine parking

space occupation from a sequence of images. During nighttime operations, streetlights

play a crucial role in object detection, providing on-demand adaptive lighting by adjusting

brightness based on the presence of pedestrians, cyclists, or vehicles.

Despite its advantages, video-based parking detection has several limitations. While

machine learning algorithms can extract parking availability information from video footage,

video analysis is computationally expensive and requires advanced models for real-time

processing. Additionally, camera placement is constrained by legal and logistical chal-

lenges, such as obtaining installation permits from urban authorities and ensuring a reli-

able power supply.

GPS and Bluetooth-Based Detection

GPS and Bluetooth sensors have also been explored for parking occupancy detection. In

this method, Bluetooth sensors embedded in mobile phones detect whether a vehicle is

in driving or parking mode, while GPS data tracks the parking location. However, a

significant drawback of GPS and Bluetooth-based approaches is the potential invasion of

drivers’ privacy, as continuous location tracking raises concerns about data security and
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user anonymity (Xu et al. 2013).

Transaction Data for Parking Monitoring

Analyzing parking payment transaction data is another method used to estimate parking

occupancy, as it reflects legitimate parking activity. However, this approach has significant

limitations. First, transaction data does not account for illegal parking, such as when

drivers fail to pay or park in unauthorized zones (e.g., loading areas, fire lanes, or no-

parking zones). These activities remain unrecorded, even though they significantly impact

parking availability and enforcement. Second, transaction data fails to capture vehicles

that overstay their paid parking time. Once a driver makes an initial payment, the

system assumes compliance, but vehicles that exceed their paid period remain invisible

in the dataset. This can lead to reduced turnover and lost revenue for parking operators.

Similarly, early departures distort occupancy rates. When a driver leaves before their

paid time expires, the system incorrectly records the spot as occupied for longer than

it actually is. This misrepresentation of real occupancy levels creates inefficiencies in

parking management. While transaction data offers insights into paid parking behavior,

it provides an incomplete view of overall parking dynamics, particularly regarding illegal

parking and real-time availability.

5.3.2 Crowdsensing-Based Parking Occupancy Detection

Crowdsensing enables real-time parking occupancy detection by leveraging data collected

from various sensing devices carried by users as they move through city streets. As a user

equipped with a sensing device passes by parking spaces, the device detects availability

status and transmits the data to a central database, as illustrated in Figure 5.1. The

processed data is then used to generate an up-to-date parking availability map, providing

valuable information for drivers and urban planners.

133



Figure 5.1: Crowdsensing-based Parking Availability Detection by Onboard Sensors

Sensor-based Solutions

The “ParkNet” project in 2010 equipped vehicles with GPS receivers and ultrasonic range

finders. These vehicles transmitted data to a central server, providing real-time updates

on vacant and occupied spaces. ParkNet employed mobile sensing and statistical methods

to optimize sensor deployment, achieving 95% accuracy due to the effectiveness of ultra-

sonic sensors day and night, and their affordability compared to alternatives like laser

range finders or radars (Mathur et al. 2010). Similarly, Roman et al. (2018) combined an

ultrasound sensor mounted on the passenger side of a car with GPS data. The sensor mea-

sures the distance from the vehicle to the nearest roadside obstacle, and when combined

with accurate GPS readings through a map-matching technique, parking availability data

is collected. They developed a supervised learning algorithm to estimate roadside park-

ing availability and a model to determine the number of sensing units needed for urban

coverage.

The Bosch-Mercedes Benz and INRIX-BMW teams initiated a collaborative project

to deliver a premium crowdsensing-based parking service using onboard ultrasonic sen-

sors. Installing these sensors on cars transforms each vehicle into a parking spot locator.

The sensor-equipped cars transmit data regarding the availability of on-street parking
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spots to a central database. This aggregated data is then shared with drivers, allowing

them to identify streets with the highest probability of available parking spots. As of

2018, the BMW On-Street Parking Information service is available in 68 cities across the

US, Germany, the United Kingdom, France, Spain, the Netherlands, Russia, and Norway

(Bosch 2016, INRIX 2018). Compared to a fixed sensing solution, their model shows that

the crowdsensing approach performs equally well when accurate location information is

available but requires significantly fewer sensors. However, using ultrasound sensors can

result in noisy data due to vehicle lane changes.

Smart Phone-based Solutions

Building on the success of onboard ultrasonic sensors, another crowdsensing-based ap-

proach for parking availability detection leverages smartphones (Nawaz et al. 2013, Nan-

dugudi et al. 2014). In this method, smartphone sensors and WiFi signatures detect

drivers’ parking and driving modes, providing real-time parking availability data.

One notable implementation is the “ParkMaster” project, introduced in 2017, which

utilized drivers’ smartphones mounted on windshields to capture video footage for parking

occupancy detection. The project achieved 90% accuracy, with smartphones transmitting

real-time data to a central server, where specialized algorithms processed the footage to

detect parked vehicles (Grassi et al. 2017). Expanding on this concept, Rahman et al.

(2020) developed an Android application that integrates sensor data from a smartphone’s

accelerometer, gyroscope, and GPS. Their approach constructs a probability model to es-

timate the occupancy probability of each parking spot based on a driver’s search trajectory

and destination. This method improves the accuracy of real-time parking detection by

utilizing multi-sensor fusion techniques. To further enhance smartphone-based detection

accuracy, Xu et al. (2013) introduced a historical availability profile that analyzes past

parking patterns to refine real-time predictions. By incorporating historical occupancy

trends, their model compensates for occasional detection errors in smartphone-based sys-

tems, making the predictions more reliable and robust.
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Video-based Solutions

The most relevant work supporting the feasibility of our approach is done by Higuchi and

Oguchi (2020). They propose vision-based vehicular crowdsensing to determine parking

availability. They use a monocular RGB camera installed in a vehicle and a computer

vision-based object tracking mechanism to detect surrounding parked vehicles. By ana-

lyzing the time series of object tracking results and correlating them with a digital map

of a parking facility, they identify the availability of each parking spot. Simulation results

demonstrate that this sensing system can detect parking availability at the spot level with

an average accuracy of 83%.

5.3.3 Parking Occupancy Prediction

There are two primary approaches to forecasting parking availability.

Model-Based Approach. The first approach establishes a predictive model for

parking occupancy, generally involving estimating model parameters and predicting occu-

pancy. Given the time-dependent nature of parking occupancy, these models often benefit

from queuing theory. For example, Du and Gong (2016) introduces a stochastic Poisson

game based on M/M/c queue theory, assuming that each vehicle’s parking time follows an

exponential distribution and that the arrival of vehicles at parking facilities follows a Pois-

son process. They employ a multinomial logit model to capture travelers’ parking choices.

They propose a decentralized coordinated parking mechanism (DCPM) to reduce parking

congestion by organizing vehicles searching for parking into coordination groups. The

DCPM models competition for parking spaces within a central business district (CBD)

by categorizing travelers based on destination proximity, treating them as groups sharing

the same parking priority, and assigning them a probabilistic utility function based on the

likelihood of being forced to cruise for parking. Using queuing models, arrival and depar-

ture rates are estimated from historical data. One approach fits curves to the occupancy

probability distribution, which is practical when parking is under-saturated. At the same

time, the other uses maximum likelihood or least squares estimation for over-saturated

conditions. Similarly, Xiao et al. (2018) applies an M/M/C/C queuing model to forecast
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occupancy, validating the approach with simulated and real data to accurately estimate

arrival and departure rates. Other studies, such as Ma et al. (2017a) and Tavafoghi et al.

(2019), apply variations of queuing models with transient and non-homogeneous rates to

predict dynamic parking occupancy in real time.

Machine Learning Approach. The second approach uses statistical and machine

learning (ML) methods to predict occupancy directly from observed data. The ML-

based framework typically involves training an algorithm on historical parking data and

then applying survival analysis to forecast the likelihood of a space being free in future

intervals. For example, in Vlahogianni et al. (2016), a neural network is trained on data

from magnetic in-ground sensors in Santander, Spain, to predict short- and long-term

parking availability. Although effective, sensor-based solutions can be costly, face battery

life limitations, and may be disrupted by environmental magnetic fields. Video-based

methods address some of these issues. For instance, Bulan et al. (2013) and Provoost

et al. (2020) use traffic camera footage to train support vector machines (SVM) and neural

networks, respectively, to predict occupancy, with Provoost et al. (2020) using random

forests alongside neural networks for enhanced prediction accuracy. Further, Amato et al.

(2016) and Amato et al. (2017) apply convolutional neural networks (CNNs) on smart

camera footage to monitor real-time parking occupancy, achieving over 91% detection

accuracy, which surpasses in-ground sensor accuracy. Their video-based approach includes

offline training to identify regions of interest in parking scenes. Subsequently, it applies

an SVM classifier to detect occupied spaces in real-time, validated through installations

of multiple cameras over a five-day trial.
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5.4 Dashcam-Enabled Smart Box for Shared Bikes

Bikeshare systems, widely used for daily commutes, provide continuous, city-wide data

collection, keeping the sensing system responsive to urban changes. Their mobility allows

access to areas less frequented by cars, ensuring comprehensive coverage. To leverage

shared bikes for parking availability detection, we equip them with a smart box containing

a dashcam, power supply, and edge processor.

A crucial factor in selecting a dashcam for this experiment is ensuring consistent

footage resolution under various lighting conditions, both day and night. Therefore, we

focused on dashcams equipped with night vision or High Dynamic Range to enhance

visibility in low-light environments. While advancements in artificial intelligence have in-

troduced features, such as voice warnings and license plate recognition, parking occupancy

detection task only requires a dashcam capable of recording GPS data embedded in the

video. This feature ensures that the dataset includes precise location details, providing

accurate information on when and where each video is recorded.

By integrating video content, temporal data, and geospatial coordinates, a comprehen-

sive understanding of on-street parking availability is obtained. The specific requirements

of this experiment make selecting a suitable and cost-effective dashcam straightforward.

Additionally, since the dashcam is housed within a protective box mounted on the bike,

weather conditions such as snow and rain do not affect its performance. The dashcam’s

power supply is recharged when the bike returns to the station, ensuring it remains oper-

ational whenever the bike is in use.

5.4.1 Geofencing

Geofencing creates a virtual boundary around a specific geographical area to trigger ac-

tions or alerts when a device crosses this boundary. We use geofencing to establish virtual

boundaries around specific areas, such as the streets between two main intersections to

monitor parking spots and predict parking availability more accurately. After defining

these virtual boundaries, we incorporate the extracted GPS data into our algorithm.
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ExifTool is a widely used tool for extracting metadata from media files, including GPS

data in images and videos. We use ExifTool to extract embedded GPS data from recorded

videos. To facilitate geofencing, we synchronized the video and GPS data chronologically.

This synchronization enables our program to accurately determine the precise moments

for initiating and ceasing object detection. The vehicles identified within each designated

parking area are counted cumulatively, and their respective counts are recorded.

Figure 5.2 panel (b) presents the extracted metadata from the recorded video cap-

tured by a dashcam as the biker traverses the path illustrated in panel (a). The extracted

metadata includes essential attributes such as date and time, GPS coordinates (latitude

and longitude), and the biker’s speed. By leveraging this GPS data, we perform a ge-

ofencing step by matching the recorded location information with spatial data obtained

from Google. This geofencing process enables precise identification of the biker’s position

within predefined geographic boundaries, facilitating accurate mapping and analysis of

parking occupancy on the recorded route.

Figure 5.2: Overview of the geofencing process using dashcam-recorded data. (a) The
recorded path taken by the biker equipped with a dashcam. (b) Extracted metadata from
the recorded video.
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5.4.2 Video Analysis

We employ the YOLOv8 model by Ultralytics Jocher et al. (2023), trained on the COCO

dataset (Lin et al. 2014), for object detection, ensuring accurate and efficient analysis

of video data. This model detects various vehicle types and pedestrians, while the open-

source Supervision library by Roboflow (Roboflow) is used for annotation tasks, including

defining detection zones, drawing bounding boxes, and applying privacy filters by blurring

faces.

The dashcam mounted on a bike records video, focusing on the lower half of each frame

where parked vehicles are most likely to appear. Detected vehicles are assigned unique IDs,

and when the camera enters a geo-fenced parking area, defined using GPS coordinates, the

model activates to count the unique vehicle IDs, providing real-time parking occupancy

data. In non-parking zones, such as intersections, detection is deactivated, and the count

resets to zero.

To ensure accurate detections, the system performs geofencing by matching extracted

GPS metadata with Google Maps, activating the model only in designated parking areas.

Privacy is preserved by identifying and blurring pedestrians in the video.

Figure 5.3 illustrates this process. The left panel shows a map with geofencing data, in-

cluding parking availability status, and extracted GPS metadata. The right panel presents

a frame from the dashcam footage where the YOLOv8 model has detected and labeled

a vehicle with a bounding box, displaying the total parked vehicle count at the bottom.

This system enables continuous, real-time parking occupancy monitoring while maintain-

ing privacy considerations.

Figure 5.3: Automated Parking Detection System Using Dashcam Video and GPS Data.

140



5.4.3 Edge Computing

Edge computing involves performing data analysis and computations directly on a local

device, rather than transmitting data to a remote cloud server. This method is particularly

beneficial in object classification tasks, where processing speed and timely responses are

crucial. By running object classification models on an edge device, data can be processed

in real time, significantly reducing latency since there is no need to wait for data to

travel back and forth between the device and a remote server. Moreover, this approach

minimizes bandwidth usage by sending only essential information over the network, if

needed, and enhances privacy and security by keeping sensitive data on the device rather

than exposing it to potential network vulnerabilities. The resilience of edge computing

is especially valuable in environments with limited or unreliable internet connectivity,

ensuring that the system remains functional even when off-line. The effectiveness of

edge computing for real-time parking occupancy detection using video feeds has been

demonstrated by Ke et al. (2020). In this project, we use a Jetson Nano edge processor

because its compact design and GPU-accelerated capabilities, provided by NVIDIA’s

CUDA cores, make it well-suited for these tasks. This device allows for the deployment of

complex deep learning models, making it an effective platform for performing high-speed,

real-time object classification directly at the source of data capture.

Chapter Summary

This study introduces a scalable and cost-effective approach for real-time parking occu-

pancy detection using mobile sensing agents equipped with dashcams. By integrating

the YOLOv8 object detection model with GPS-based geofencing, the system automates

vehicle detection and occupancy counting while ensuring privacy through facial blurring.

The combination of real-time video analysis and spatial data processing enhances parking

monitoring and management in urban environments.

We are actively developing an edge processing framework to enable real-time detec-

tion directly on the sensing devices, reducing latency and dependence on cloud-based
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computation. Additionally, we aim to incorporate a parking prediction model that lever-

ages historical and real-time data to forecast parking availability. These enhancements

will further improve system efficiency, accuracy, and applicability across diverse urban

settings, contributing to smarter and more adaptive parking management solutions.
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Chapter 6

CHAPTER SIX: CONCLUSION
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6.1 Overview of the Research

This dissertation has explored the transformative potential of crowdsensing in addressing

key challenges in urban mobility, particularly in dynamic routing, parking management,

and real-time urban monitoring. Through four interconnected studies, this work has ex-

amined different types of crowdsensing platforms through which user-contributed data can

be harnessed to enhance decision-making, optimize system-wide efficiency, and increase

social welfare, all while balancing concerns of privacy, participation, and data reliability.

The first study evaluated the relationship between user-generated wait time informa-

tion and decision-making in service queues. It demonstrated that there exists an optimal

ratio of data contributors that maximizes social welfare in high demand service systems.

When crowdsensing participation is too low, users make inefficient decisions due to lack of

information. Conversely, overly high participation may induce excessive demand and con-

gestion, reducing overall efficiency. The study also highlighted the importance of platform

accessibility and the strategic role of voluntary versus mandated data contribution.

The second study investigated the use of crowd-generated travel time data in route

choice decisions. It emphasized the role of the contribution ratio and observation win-

dow in ensuring accurate and timely information. This study showed that the benefits

of such data are sensitive to travelers’ risk attitudes and information quality. Moreover,

the analysis revealed that excessive access to real-time data can lead to the Informational

Braess’ Paradox, where more information paradoxically increases congestion. This find-

ing underscores the need for carefully calibrated data-sharing incentives and data access

policies.

In the third study, the thesis advanced a resource allocation and route generation

framework for urban mobile sensing. This model determined the optimal number and

paths of mobile agents tasked with collecting curbside occupancy data. By combining

optimization techniques and heuristic algorithms, the study enabled efficient coverage of

urban zones while respecting constraints on data collection frequency. The case study on

permit parking areas in Toronto validated the proposed approach and demonstrated its
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potential to inform the real-world deployment of mobile sensing fleets.

The final study introduced the application of dashcam footage and edge computing

for parking occupancy detection. Leveraging modern object detection techniques (e.g.,

YOLOv8) and geofencing strategies, this study showed that real-time, accurate, and scal-

able parking information can be collected without relying on expensive fixed infrastruc-

ture. This contribution highlights how sensor-equipped vehicles can serve as sensing

agents in crowdsensing platforms.

6.2 Summary of Contributions

Collectively, these studies contribute to the theoretical and practical understanding of

how crowdsensing can be optimized in complex urban systems. This work:

• Developed analytical and computational models to assess user behavior in response

to shared data.

• Quantified the optimal levels of participation and access required for maximizing

social benefits.

• Proposed mechanisms for incentivizing participation while addressing privacy and

fairness concerns.

• Offered a scalable and implementable approach for curbside data collection using

mobile and onboard technologies.

For urban planners, mobility service providers, and policymakers, this dissertation

provides strategic guidance on designing crowdsensing platforms that are equitable, ef-

ficient, and adaptive to urban growth. From regulating data contribution incentives to

allocating mobile sensing resources, the findings present practical insights that can help

cities scale smart mobility solutions with minimal infrastructure investment.

145



6.3 Limitations and Future Research Directions

Despite the contributions, this work is not without limitations. Several simplifying as-

sumptions were made to enable analytical tractability and model interpretability. These

include homogeneous user behavior, Poisson-distributed service demand and service times,

and the assumption that users act truthfully when contributing data. While useful for

theoretical analysis, such assumptions do not fully reflect the complexity of real-world

urban systems, where user behavior is heterogeneous, demand patterns are variable, and

data quality may be compromised by user manipulation. Addressing these limitations

through more flexible behavioral models and robust data validation mechanisms would

enhance the realism and applicability of the proposed frameworks. Additionally, the focus

of this thesis was limited to parking availability and travel time information. Although

these are critical components of urban mobility, broader transportation contexts, such as

multimodal trip chains, interdependencies between modes, and system-wide coordination,

were beyond the scope of this study.

Building on the findings of this research, several promising directions can be pursued

to expand the investigation of crowdsesning platforms. One path is the integration of

adaptive incentive mechanisms that dynamically adjust based on system state and user

behavior, with the goal of sustaining optimal participation in real-time. Such mechanisms

could be grounded in reinforcement learning or game-theoretic frameworks, and tailored to

encourage not just data contribution, but also fairness, equity, and long-term engagement.

Another direction is the fusion of passive and active sensing data sources to improve

both spatial and temporal coverage. For instance, combining user-generated data with

infrastructure-based signals (e.g., traffic signal telemetry, smart curb sensors) may re-

duce the dependency on participation rates while improving data reliability and system

robustness.
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6.4 Concluding Remarks

This thesis has demonstrated the potential of crowdsensing to redefine how cities monitor,

understand, and manage urban mobility. By transforming ordinary users into distributed

sensing agents, crowdsensing creates a participatory ecosystem where data and decision-

making are more democratic, adaptive, and efficient. The findings presented here advance

the scientific understanding of participation dynamics, resource allocation, and real-time

information sharing in complex transportation systems.

Beyond technical contributions, this work explores how emerging technologies can sup-

port operational efficiency while addressing sustainability in urban systems. As cities face

increasing challenges, ranging from congestion and climate change to infrastructure limi-

tations, solutions that harness collective intelligence will be key to addressing the evolving

demands of urban mobility. Advancing crowdsensing at scale will require technological

innovation, clear policy frameworks, effective governance, and public trust. This thesis

contributes to that effort by informing future research, interdisciplinary collaboration,

and real-world implementation in pursuit of smarter, more inclusive urban mobility.
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Appendix A: Supplementary

Material for Chapter Two

A. 1 Transition Probabilities in an M/M/1/K Queue

Takács (1962) defines the transition probability of an M/M/1/K queue, denoted as

Pϕ,n(δ), as the summation of two terms as follows

Pϕ,n(δ) = Pn + dϕ,n(δ), 1 ⩽ ϕ ⩽ K, 0 ⩽ n ⩽ K, (A.1)

where

Pn =


(1−ρu)ρnu
1−ρK+1

u
, if ρu ̸= 1

1
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and
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×
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ρu sin
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)
×
(
sin

nmπ

K + 1
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ρu sin
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K + 1

)
.

The first term, Pn presented in (A.2), represents the steady-state probability of having

n customers in the queue as δ tends to infinity, where λu and ρu = λu/µ denote the arrival

rate of non-contributors to the second stage and the offered load of non-contributors,

respectively. Mcgrath et al. (1987) refers to Pn as the steady-state distribution of the

165



system size. The second term, dϕ,n(δ), which is provided in (A.3), constitutes a deviation

component that depends on the initial state of the queue at the beginning of the transition

period, the duration of the transition period, and the final state of the queue at its end.

A. 2 Proof of Proposition 2.1

(i) We can express the partial derivative of Pϕ,K(δ) with respect to β as

∂Pϕ,K(δ)

∂β
=

∂Pϕ,K(δ)

∂ρu
× ∂ρu

∂β
. (A.4)

According to the definition of δ, only non-contributors enter the system within the δ

time interval. With a higher service request rate for non-contributors λu, the prob-

ability of having more customers in the system and, consequently, the probability of

reaching the maximum queue length within δ also increases. Therefore, given (ϕ, δ),

the transition blocking probability, Pϕ,K(δ), increases with the service request rate

of the non-contributors, λu. Using this property, we have ∂Pϕ,K(δ)/∂λu > 0. Addi-

tionally, ∂λu/∂ρu is positive for a fixed service rate. Therefore,

∂Pϕ,K(δ)

∂ρu
=

∂Pϕ,K(δ)

∂λu

× ∂λu

∂ρu
⩾ 0. (A.5)

Considering that λu = λ(1−β), the service request rate of non-contributors decreases

with β. Therefore, ∂λu/∂β is negative. Thus, we have

∂ρu
∂β

=
∂ρu
∂λu

× ∂λu

∂β
⩽ 0. (A.6)

Finally, using (A.5) and (A.6), we conclude that ∂Pϕ,K(δ)/∂β is negative. □

(ii) If all customers contribute data, β = 1, the service request rate of non-contributors

λu is zero, resulting in ρu = 0. Consequently, for all ϕ values, dϕ,n(δ) is zero.

Furthermore, for 1 ⩽ ϕ ⩽ K − 1, the value of PK is also zero. Based on (A.1), this

means that the transition blocking probability Pϕ,K(δ) is zero. □
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A. 3 Proof of Lemma 2.2

(i) As δ approaches infinity, the term dϕ,n(δ) tends to zero. Consequently, the transition

probability given in (A.1) equals Pn. □

(ii) In accordance with the definition of the expected congestion, we have

E[Γ(ϕ, δ)] =
K∑

n=0

n× Pϕ,n(δ), 1 ⩽ ϕ ⩽ K. (A.7)

Using Lemma 2.2-(i), we rewrite (A.7) as

lim
δ→∞

E[Γ(ϕ, δ)] =
K∑

n=0

n× Pn, 1 ⩽ ϕ ⩽ K. (A.8)

The expression in (A.8) is the definition of the expected number of customers in an

M/M/1/K queue. □

A. 4 Proof of Proposition 2.3

Utilizing (2.4), and considering Lemma 2.2, the steady-state entrance utility is

U∗ = lim
δ→∞

Uenter(ϕ, δ) = R− h− c
L+ 1

µ
− PK

(
R− c

K + 1

µ

)
. (A.9)

By substituting PK from (A.2) in (A.9), U∗ is further simplified as

U∗ =

R− h− cL+1
µ

− (1−ρu)ρKu
1−ρK+1

u

(
R− cK+1

µ

)
, if ρu ̸= 1

R− h− cL+1
µ

− 1
K+1

(
R− cK+1

µ

)
, if ρu = 1

, 1 ⩽ ϕ ⩽ K.□ (A.10)

A. 5 The Expected Congestion

When a customer requests service long after a QL update, the reported congestion ϕ

would no longer represent the system’s current state. Therefore, confirmed by Lemma
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2.2, the expected congestion is independent of ϕ and equals the steady-state number of

customers in an M/M/1/K queue, L. The behaviour of the expected congestion based

on δ is illustrated in Figure A.4. In both panels, the service rate µ equals one. Panel (a)

0 1 2 3 4 5
0

1

2

3

4

5
E[

(
,

)]

L

Figure A.1: Expected congestion E[Γ(ϕ, δ)] with respect to δ, given the reported QL is
ϕ(T ) = 1, 2, . . . , 5. Parameters: µ = 1, R = 10, c = 2, h = 1, β = 0.5, and (a) λ = 0.5,
(b) λ = 1.5.

corresponds to an uncongested system with a service request rate λ = 0.5, while Panel

(b) represents a congested system with λ = 1.5. As Lemma 2.5 confirms, the expected

congestion equals ϕ at δ = 0 in both cases. In Panel (a), all values of ϕ = 1, 2, 3, 4, 5

exceed the threshold L = 0.3, resulting in a decreasing expected congestion with δ. The

curve eventually converges to L as δ becomes large enough. In Panel (b), when ϕ = 1,

the expected congestion increases with δ since L = 1.7 is greater than one. However, for

ϕ = 2, 3, 4, 5, the expected congestion decreases with δ and eventually converges to L for

large values of δ.

Lemma .1. Given (ϕ, δ), the expected congestion E[Γ(ϕ, δ)] is a decreasing function of β.
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The partial derivative of E[Γ(δ, ϕ)] with respect to β is

∂E[Γ(δ, ϕ)]

∂β
=

∂E[Γ(δ, ϕ)]

∂Pϕ,n(δ)
× ∂Pϕ,n(δ)

∂λu

× ∂λu

∂β
. (A.11)

Using (A.7), we have

∂E[Γ(δ, ϕ)]

∂Pϕ,n(δ)
=

K∑
n=0

n =
K(K + 1)

2
, (A.12)

which is a positive value. As we discussed earlier, ∂Pϕ,n(δ)/∂λu is also positive. When

β increases, the ratio of non-contributors decreases, resulting in a decrease in the service

request rate of non-contributors. Therefore, ∂λu/∂β < 0. Finally, we conclude that

∂E[Γ(δ, ϕ)]/∂β is negative. □

Given the total service request rate, λ, it is observed that the service request rate of

non-contributors, λu, during a given time interval δ, decreases with the contribution ratio

β. Furthermore, within the same time interval δ, some customers receive their service

and exit the system. Consequently, the expected congestion in the system δ time units

after the most recent QL update ϕ, also decreases with the contribution ratio.

We have conducted multiple numerical experiments to support the assumption that

δd is zero. We present some of these results here to demonstrate that this assumption

closely aligns with reality and does not undermine our analysis. Figure A.2 illustrates

the expected congestion based on δ for different service request values. In only a few

cases does the expected congestion fail to exhibit completely monotone behavior, while

in the majority of cases, δd is zero, resulting in the expected congestion to be either

monotonically increasing or decreasing.

A. 6 Proof of Lemma 2.4

Using (2.10), the partial derivative of the expected entrance utility is

∂Uenter(ϕ, δ)

∂δ
=

∂Pϕ,K(δ)

∂δ

( c
µ
(K + 1)−R

)
− c

µ
× ∂E[Γ(ϕ, δ)]

∂δ
. (A.13)
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Figure A.2: Expected congestion, E[Γ(ϕ, δ)], w.r.t δ, Given the Reported QL is ϕ(T ) =
1, 2, . . . , 10. (Parameters: µ = 1, R = 10, c = 2, h = 1, and λ = (a) 0.1, (b) 0.9, (c) 1.1,
(d) 1.9

After substituting K from (2.2) into (A.13), we have

∂Uenter(ϕ, δ)

∂δ
=

c

µ

(∂Pϕ,K(δ)

∂δ
− ∂E[Γ(ϕ, δ)]

∂δ

)
. (A.14)

Using (A.7), we drive

∂E[Γ(ϕ, δ)]

∂δ
=

K∑
n=0

n
∂Pϕ,n(δ)

∂δ
=

K−1∑
n=0

n
∂Pϕ,n(δ)

∂δ
+K

∂Pϕ,K(δ)

∂δ
. (A.15)

Therefore, given K ⩾ 1, from (A.14) we conclude that

Sign
(∂Uenter(ϕ, δ)

∂δ

)
= Sign

(
− ∂E[Γ(ϕ, δ)]

∂δ

)
. (A.16)
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As discussed in section 2.4.4, given that δd goes to zero, when ϕ is less than ϕd, E[Γ(ϕ, δ)]

behaves as a monotone increasing function of δ. This means that ∂E[Γ(ϕ, δ)]/∂δ is posi-

tive. Therefore, we have ∂Uenter(ϕ, δ)/∂δ ⩽ 0, indicating that the entrance utility becomes

a monotonically decreasing function of δ. Conversely, suppose ϕ is greater than or equal

to ϕd. In that case, ∂E[Γ(ϕ, δ)]/∂δ is negative, which results in ∂Uenter(ϕ, δ)/∂δ ⩾ 0,

meaning the expected utility is a monotonically increasing function of δ. □

A. 7 Lemma .2

Lemma .2. If the time interval δ tends to zero, the probability of change in the number

of customers in the system tends to zero, regardless of the contribution ratio β.

lim
δ→0

Pϕ,n(δ) =

0 , if n ̸= ϕ

1 , if n = ϕ
, 1 ⩽ ϕ ⩽ K, 0 ⩽ n ⩽ K. (A.17)

Proof of Lemma .2 By definition, ϕ represents the most recent QL posted by a con-

tributor on the POP. The service request rate of customers follows a Poisson distribution.

According to the properties of the Poisson distribution, the probability of two or more

events occurring simultaneously is zero. Therefore, if δ tends to zero, the real-time number

of customers in the system equals the reported congestion ϕ, regardless of the contribution

ratio. □

A. 8 Proof of Lemma 2.5

Using Lemma .2 and the definition of the expected congestion in (A.7), we have

lim
δ→0

E[Γ(δ, ϕ)] = 1× 0 + 2× 0 + · · ·+ ϕ× 1 + · · ·+K × 0 = ϕ. □ (A.18)
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A. 9 Proof of Proposition 3.7

We apply the Intermediate Value Theorem to proof the existence of δ̂(ϕ). Utilizing (2.10),

Uenter(ϕ, δ) at δ = 0 is calculated. Leveraging Proposition 2.1 and Lemma 2.5, two

potential situations are analyzed. If ϕ = K, then PK,K(0) = 1, and E[Γ(K, 0)] = K. Thus,

Uenter(K, 0) equals −h, which is negative. Otherwise, if ϕ̂ < ϕ < K, then Pϕ,K(0) = 0,

and E[Γ(ϕ, 0)] = ϕ. Thus, Uenter(ϕ, 0) = R − C
µ
(ϕ + 1) − h. Given (2.11), we have

ϕ > µ
C
(R−h)−1. Therefore, Uenter(ϕ, 0) would be negative for ϕ̂ < ϕ < K. On the other

hand, Proposition 2.3 states that as δ approaches infinity, for any reported congestion, the

entrance utility approaches U∗, which is a positive value. Therefore, Uenter(ϕ,∞) > 0, for

all 1 ⩽ ϕ ⩽ K. In addition, Uenter(ϕ, δ) is a continuous function with respect to δ in the

interval [0,∞). Therefore, by applying the Intermediate Value Theorem, for ϕ̂ < ϕ ⩽ K,

there must exist at least one real number, such as δ̂(ϕ), in the interval (0,∞) such that

Uenter(ϕ, δ̂(ϕ)) = 0. Proving the existence of δ̂(ϕ), the uniqueness of δ̂(ϕ) directly follows

from Lemma 2.4. □

A. 10 Proof of Proposition 2.7

Social welfare represents the expected utility that customers receive and is defined as

SW = p (Uenter ⩾ 0)

[(
1− Pϕ,k(δ)

)(
R− c

µ

(
E
(
Γ(ϕ, δ)

)
+ 1
)
− h

)
+ Pϕ,k(δ)(−h)

]
= p (Uenter ⩾ 0)

[
R− c

µ

(
E
(
Γ(ϕ, δ)

)
+ 1
)
− h− Pϕ,k(δ)

(
R− c

µ

(
E
(
Γ(ϕ, δ)

)
+ 1
))]

.

(A.19)

We define

A = R− c

µ

(
E
(
Γ(ϕ, δ)

)
+ 1
)
− h− Pϕ,k(δ)

(
R− c

µ

(
E
(
Γ(ϕ, δ)

)
+ 1
))

, A ⩾ 0. (A.20)
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The partial derivative of A with respect to β is

∂A

∂β
= − c

µ

∂E
(
Γ(ϕ, δ)

)
∂β

− ∂Pϕ,k(δ)

∂β

(
R− c

µ
(E
(
Γ(ϕ, δ)

)
+ 1)

)
+

c

µ
Pϕ,k(δ)

∂E
(
Γ(ϕ, δ)

)
∂β

= −
∂E
(
Γ(ϕ, δ)

)
∂β

(
c

µ
(1− Pϕ,k(δ))

)
− ∂Pϕ,k(δ)

∂β

(
R− c

µ
(E
(
Γ(ϕ, δ)

)
+ 1)

)
.

(A.21)

Lemma .4 concludes that ∂E
(
Γ(ϕ, δ)

)
/∂β and ∂Pϕ,k(δ)/∂β are both negative. Conse-

quently, ∂A/∂β is positive.

Based on Proposition 3.7,

p (Uenter ⩾ 0) =



0, if ϕ > ϕ̂ and δ < δ̂(ϕ)

1, if


ϕ ⩽ ϕ̂

or

ϕ > ϕ̂ and δ ⩾ δ̂(ϕ)

. (A.22)

We define Pδ as the probability that a customer requests to enter the system δ time

units after the most recent QL update. This occurs when no contributor enters the system

during δ, and the interarrival between the most recent QL update and the service request

of the next customer equals δ. Therefore

Pδ = e−λβδ × λe−λδ = λδ e−λδ(β+1). (A.23)

Substituting A and leveraging (A.22) in (A.19) and breaking the sum, social welfare equals

SW =

∫ ∞

δ=0

ϕ∑
ϕ=1

A Pδ dδ +
K∑

ϕ=ϕ̂+1

∫ ∞

δ=δ̂(ϕ)

A Pδ dδ. (A.24)

Using (A.21) and (A.23), the partial derivative of SW given in (A.24) with respect to
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β is as follows

∂SW

∂β
=

∫ ∞

δ=0

ϕ̂∑
ϕ=1

(
−λ2δ2

)
e−λδ(1+β)A+ λδe−λδ(1+β)∂A

∂β
dδ

+
K∑

ϕ=ϕ̂+1

∫ ∞

δ=δ̂(ϕ)

(
−λ2δ2

)
e−λδ(1+β)A+ λδe−λδ(1+β)∂A

∂β
dδ

(A.25)

Given ∂A/∂β ≥ 0, the term λδe−λδ(1+β) ∂A
∂β

is also positive, while the term (−λ2δ2) e−λδ(1+β)A

is negative. We introduce the threshold λ̂ such that when λ is greater than λ̂, these pos-

itive and negative terms cancel each other out, resulting in a local optimum for social

welfare. However, when λ is smaller than λ̂, the positive term dominates the negative

one, and ∂SW/∂β becomes positive, indicating that social welfare increases with the

contribution ratio. □

A. 11 Proof of Proposition 2.8

The probability of a customer with access to the crowdsensing platform requesting service

δ time units after the most recent QL update on the POP, denoted as Pδα, is

Pδα = αλδ e−αλδ(β+1). (A.26)

Applying Proposition 3.7 into (2.15) and using Pδα from (A.26) results in

λsα = (1− α)λ+ αλ

(∫ ∞

δ=0

ϕ̂∑
ϕ=1

Pδα dδ +

∫ ∞

δ=δ̂(ϕ)

K∑
ϕ=ϕ̂

Pδα dδ

)

= (1− α)λ+
1

(1 + β)2

(
ϕ̂+

K∑
ϕ=ϕ̂

e−αλδ̂(ϕ)(1+β)
(
1 + (1 + β)αλδ̂(ϕ)

))
.

(A.27)

Taking the derivative of λsα with respect to α results in

∂λsα

∂α
= −

(
λ+

K∑
ϕ=ϕ̂

αλ2δ̂(ϕ)2e−(1+β)αλδ̂(ϕ)

)
, (A.28)
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which is negative. Therefore, λsα is a decreasing function of α. □

A. 12 Proof of Proposition 2.9

The derivative of SW(1−α) with respect to α is

∂SW(1−α)

∂α
= −c(1− PB)

∂N

∂α
− (R− cN)

∂PB

∂α
. (A.29)

We write the partial derivative of N with respect to α as

∂N

∂α
=

∂N

∂λsα

× ∂λsα

∂α
. (A.30)

As per Proposition 2.8, ∂λsα/∂α is negative. Given that the expected number of customers

in the system rises with λsα, we have ∂N/∂λsα ⩾ 0. In summary,

∂N

∂α
⩽ 0. (A.31)

Applying the similar chain rule for PB, and given that the probability of having K cus-

tomers in the queue, PB increases with λsα, we conclude

∂PB

∂α
⩽ 0. (A.32)

Taking into account A.31 and A.32 in (A.29) leads to the conclusion that the social welfare

of customers without access to QL information rises with α,
∂SW(1−α)

∂α
⩾ 0.

Substituting λ with αλ in (A.24), and taking the derivative of SWα with respect to

α, we have

∂SWα

∂α
=

∫ ∞

δ=0

ϕ̂∑
ϕ=1

∂Pδα

∂α
A+ Pδα

∂A

∂α
dδ

+
K∑

ϕ=ϕ̂+1

∫ ∞

δ=δ̂(ϕ)

∂Pδα

∂α
A+ Pδα

∂A

∂α
dδ,

(A.33)
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where

∂Pδα

∂α
= −δλe−α(1+β)δλ(−1 + α(1 + β)δλ) (A.34)

is positive. Referring to (A.20), the derivative of A with respect to α is

∂A

∂α
= − c

µ
(1− PB)

∂N

∂α
− ∂PB

∂α

(
R− c

µ
(N + 1)

)
. (A.35)

Taking into account A.31 and A.32 in (A.35) results that ∂A/∂α is positive. Apply-

ing this conclusion to (A.33), yields the social welfare of customers with access to QL

information increases with α, ∂SWα/∂α ⩾ 0.

The derivative of the total social welfare given in (2.17) with respect to α is

∂SW

∂α
=

∂SWα

∂α
+

∂SW(1−α)

∂α
, (A.36)

which is also positive. □

A. 13 Changes in U ∗ with β

Lemma .3. U∗ is an increasing function of β.

We can express the partial derivative of U∗ with respect to β as

∂U∗

∂β
= −C

µ
× ∂L

∂β
− ∂PK

∂β
× (R− C

K + 1

µ
). (A.37)

Based on Lemma .4 and Proposition 2.1, it is evident that both ∂L/∂β and ∂PK/∂β

are negative. Using (2.2), we find that

R− c
K + 1

µ
≈ − c

µ
, (A.38)

which is negative. Therefore, by substituting (A.38) into (A.37), we conclude

∂U∗

∂β
= − c

µ
× (

∂L

∂β
− ∂PK

∂β
). (A.39)
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Using (2.6), we have

∂L

∂β
=

K∑
n=0

n
∂Pn

∂β
= K

∂PK

∂β
+

K−1∑
n=0

n
∂Pn

∂β
. (A.40)

Therefore,

∂U∗

∂β
≈ −c(K − 1)

µ
× ∂PK

∂β
, (A.41)

which is positive. □

As shown in (2.7), U∗ is a function of the steady-state expected congestion, L, and the

steady-state blocking probability, PK . Proposition 2.1 states that the transition blocking

probability decreases with β. According to the definition, a lower blocking probability

implies a reduced risk of incurring the access cost without receiving the service. Addi-

tionally, given Lemma .4, the expected congestion during a given δ decreases with β, as

non-contributors enter the system with a lower rate. A lower expected congestion results

in shorter expected waiting times in the queue. Consequently, the steady-state expected

utility increases with β due to the less expected waiting time and the reduced risk of

wasting the access cost.

Figure A.3 illustrates the expected entrance utility based on β for given δ values of

0.001 and 5. In both panels, the expected utility decreases with the reported congestion
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Figure A.3: Entrance Utility, Uenter(ϕ, δ), w.r.t. Contribution Ratio, β, Given The Re-
ported QL is ϕ(T ) = 1, 2, . . . , 5. (Parameters: λ = 1.1, µ = 1, R = 10, c = 2, h = 1, (a)
δ = 0.001, and (b) δ = 5.)
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because a higher ϕ results in higher expected congestion, leading to longer expected

waiting times. Thus, the largest expected entrance utility occurs when ϕ = 1. In Panel

(a), where δ = 0.001 is negligible, the expected entrance utility does not change with β.

Whereas, in Panel (b) with higher δ values of 5, the expected utility clearly increases with

β.

A. 14 The Expected Congestion

When a customer requests service long after a QL update, the reported congestion ϕ

would no longer represent the system’s current state. Therefore, confirmed by Lemma

2.2, the expected congestion is independent of ϕ and equals the steady-state number of

customers in an M/M/1/K queue, L. The behaviour of the expected congestion based

on δ is illustrated in Figure A.4. In both panels, the service rate µ equals one. Panel (a)
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Figure A.4: Expected congestion, E[Γ(ϕ, δ)], w.r.t δ, given the reported QL is ϕ(T ) =
1, 2, . . . , 5. (Parameters: µ = 1, R = 10, c = 2, h = 1, β = 0.5, and (a) λ = 0.5, (b)
λ = 1.5.)

corresponds to an uncongested system with a service request rate λ = 0.5, while Panel

(b) represents a congested system with λ = 1.5. As Lemma 2.5 confirms, the expected

congestion equals ϕ at δ = 0 in both cases. In Panel (a), all values of ϕ = 1, 2, 3, 4, 5

exceed the threshold L = 0.3, resulting in a decreasing expected congestion with δ. The

curve eventually converges to L as δ becomes large enough. In Panel (b), when ϕ = 1,
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the expected congestion increases with δ since L = 1.7 is greater than one. However, for

ϕ = 2, 3, 4, 5, the expected congestion decreases with δ and eventually converges to L for

large values of δ.

Lemma .4. Given (ϕ, δ), the expected congestion E[Γ(ϕ, δ)] is a decreasing function of β.

The partial derivative of E[Γ(δ, ϕ)] with respect to β is

∂E[Γ(δ, ϕ)]

∂β
=

∂E[Γ(δ, ϕ)]

∂Pϕ,n(δ)
× ∂Pϕ,n(δ)

∂λu

× ∂λu

∂β
. (A.42)

Using (A.7), we have

∂E[Γ(δ, ϕ)]

∂Pϕ,n(δ)
=

K∑
n=0

n =
K(K + 1)

2
, (A.43)

which is a positive value. As we discussed earlier, ∂Pϕ,n(δ)/∂λu is also positive. When

β increases, the ratio of non-contributors decreases, resulting in a decrease in the service

request rate of non-contributors. Therefore, ∂λu/∂β < 0. Finally, we conclude that

∂E[Γ(δ, ϕ)]/∂β is negative. □

Given the total service request rate, λ, it is observed that the service request rate of

non-contributors, λu, during a given time interval δ, decreases with the contribution ratio

β. Furthermore, within the same time interval δ, some customers receive their service

and exit the system. Consequently, the expected congestion in the system δ time units

after the most recent QL update ϕ, also decreases with the contribution ratio.
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Appendix B: Supplementary

Material for Chapter Three

B. 1 Proof of Proposition 3.3

From Equation (3.15) it can easily be observed that α = 0 is always an answer. Below

we will prove that there is one and only one other solution for α ∈ (0, 1].

Proof of existence: Equation (3.15) can be rewritten as

(1− α)Φ(v) = Φ(u), (B.44)

where v =
√
αΛβδ and u =

√
αΛβδ(1 + αΛτ − θτ). Defining

f(α) = (1− α)Φ(v), (B.45)

and

g(α) = Φ(u), (B.46)

we have f(0) = 0.5 and f(1) = 0. On the other hand, for g(α) we have g(0) = 0.5, but

g(1) > 0. To prove the existence of a solution for α ∈ (0, 1], we need to show

lim
α→0+

∂f(α)

∂α
> lim

α→0+

∂g(α)

∂α
, (B.47)

and since g(0) = f(0) but g(1) > f(1), it is demonstrated that another solution exists.

Simplifying Equation (B.47) we will have
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lim
α→0+

βδΛϕ(v)(1− α)

2
√
αΛβδ

− Φ(v) > lim
α→0+

ϕ(u)βδΛ(1− θτ + 3αΛτ)

2
√
αΛβδ

. (B.48)

In the equation above ϕ(·) is the standard normal probability distribution function. De-

noting ϕ(0) = 1√
2π

and Φ(0) = 1
2
we have

lim
α→0+

√
βδΛτθ

2
√
2πα

− 1

2
> 0. (B.49)

When evaluating the limit, we observe that the numerator remains positive while the

denominator approaches zero. Consequently, the limit of the entire fraction tends toward

+∞. This behavior confirms that the inequality (B.49) holds consistently. Thus, we have

demonstrated the existence of a positive solution for α.

Proof of uniqueness: For proving the uniqueness of the solution, building upon the

previous part we have

∂2f(α)

∂α2
= −2

∂v

∂α
ϕ(v) +

∂2v

∂α2
(1− α)ϕ(v) + (

∂v

∂α
)2
∂ϕ(v)

∂v
(1− α)

= − βδΛ√
αβδΛ

ϕ(v)−
√
αβδΛ

4α2
ϕ(v)(1− α)− (

∂v

∂α
)2
√

αβδΛ

2π
e

−v2

2 (1− α). (B.50)

From Equation (B.50) it can be observed ∂2f(α)
∂α2 ≤ 0 for every α ∈ [0, 1] and f(α) is

a decreasing function. On the other hand g(α) = Φ(u) which is a standard normal CDF

and strictly monotonic; therefore, f(α) and g(α) intersect with each other in no more

than two α values. Since α = 0 is always an answer and we have proven the existence of

the other answer in the previous part of the proof, there will only be one unique positive

α solution, and Proposition 3.3 is proven. □

B. 2 Proof of Proposition 3.4

Upon taking the derivative of α with respect to β
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∂α

∂β
=

∂

∂β

(
1− 1− Φ(

√
αΛβδ(τ(θ − αΛ)− 1))

Φ(
√
αΛβδ)

)
(B.51)

and solving it for ∂α
∂β

= 0, we have:

∂α

∂β
→

−
δΛα

(
(−1 + Φ[

√
βδΛα(−1 + θτ − Λατ)])ϕ[

√
βδΛα] + Φ[

√
βδΛα](1− θτ + Λτα)ϕ[

√
βδΛα(−1 + θτ − Λατ)]

)
2Φ[

√
βδΛα]2

√
βδΛα+ βδΛ

(
(−1 + Φ[

√
βδΛα(−1 + θτ − Λατ)])ϕ[

√
βδΛα] + Φ[

√
βδΛα](1− θτ + 3Λατ)ϕ[

√
βδΛα(−1 + θτ − Λατ)]

)
(B.52)

In Equation (B.52), ϕ(·) represents the probability distribution function of the stan-

dard normal distribution, which is always between zero and one. Also, we have

(−1 + Φ[
√
βδΛα(−1 + θτ − Λατ)])ϕ[

√
βδΛα] ⩽ 0

2Φ[
√
βδΛα]2

√
βδΛα ⩾ 0

(B.53)

We simplify the term (−1 + θτ − Λτα) as −1 + τ/µ.

1. When µ ⩾ τ , equally −1 + τ/µ < 0, which concludes that −1 < −1 + τ/µ < 0, as

otherwise τ/µ < 0, which is unacceptable. In this scenario, in the numerator, we

have:

Φ[
√

βδΛα](1− θτ + Λτα)ϕ[
√

βδΛα(−1 + θτ − Λατ) ⩾ 0. (B.54)

By utilizing (B.53) and (B.54), we can identify a specific β̂ value where ∂α/∂β = 0.

If β < β̂, the derivative of α with respect to β will be positive, at β = β̂, the

derivative is zero, and for β values greater than β̂, ∂α/∂β becomes negative.

2. When µ < τ , equally −1 + τ/µ > 0, the numerator will be negative. The denomi-

nator is positive. (How to show mathematically?). The negative sign in front of the

proportion makes ∂α/∂β positive.□

B. 3 Proof of Proposition 3.5

We need to take the derivative of E(β) with respect to the β:
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∂E(β)

∂β
= Λ

∂α

∂β
(µ− τ + α(β)Λµ2). (B.55)

According to Proposition 3.4, when τ > µ, we have ∂α/∂β > 0. Furthermore, when

µ ⩾ τ , ∂α/∂β is still positive while β < β∗
I , therefore the sign of (µ − τ + α(β)Λµ2)

determines the behavior of the overall travel time. In case µ ⩾ τ and β < β∗
I , we have

(µ− τ + α(β)Λµ2) > 0, meaning the overall travel time increases with β.

For the case of τ > µ, using Equation (3.3) we can rewrite the parenthesis as ( 1
(θ−αΛ)

+

αΛ
(θ−αΛ)2

− τ), then we have

(
1

(θ − αΛ)
+

αΛ

(θ − αΛ)2
− τ)


< 0 if 0 ⩽ α <

θ−
√

θ
τ

Λ
,

> 0 if
θ−
√

θ
τ

Λ
< α ⩽ 1.

(B.56)

Note that since 1
θ
< µ is always true and in this case τ > µ, then

θ−
√

θ
τ

Λ
> 0. Also note

that α =
θ+
√

θ
τ

Λ
will result in µ < 0, which is unacceptable.

In case, µ ⩾ τ , and β ⩾ β∗
I , we have ∂α/∂β < 0, which results in a negative ∂E

∂β
,

indicating that the overall travel time is a decreasing function of β.

From Theorem 3.3 we know for every α there exists a unique β, and from Proposition

3.6 we can see the threshold on α in Equation (B.56) is α∗; therefore, we can rewrite

Equation (B.56) based on β∗, the contribution ratio calculated for α∗, as below:

∂E

∂β


< 0 if 0 ⩽ β < β∗,

> 0 if β∗ < β ⩽ 1.□

(B.57)

B. 4 Proof of Proposition 3.6

We seek to obtain a closed-form solution for the mathematical model introduced in (4.1).

From the first-order optimality conditions, setting ∂E(β)
∂β

= 0 gives:
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Λ

[
∂α

∂β
M(λ) + α

∂M(λ)

∂α

∂α

∂β
− ∂α

∂β
τ

]
= 0, (B.58)

which will lead to

∂α

∂β
[M(λ) + α

∂M(λ)

∂α
− τ ] = 0. (B.59)

Replacing M(λ) and ∂M(λ)
∂α

with

M(λ) =
1

θ − λ
=

1

θ − αΛ
, (B.60)

∂M

∂α
=

Λ

(θ − αΛ)2
, (B.61)

we will have:

∂α

∂β
(

1

(θ − αΛ)
+

αΛ

(θ − αΛ)2
− τ) = 0. (B.62)

Equation (B.62) holds only if ∂α/∂β = 0 or the expression inside the parentheses is

equal to 0. Considering the former case, using Equation (3.15) we define f(α, β) as

f(α, β) = α − 1 +
Φ
(
u(α).v(α, β)

)
Φ
(
v(α, β)

) , (B.63)

where u(α) = 1 − τ(θ − αΛ) and v(α, β) =
√
αβδΛ. By the Implicit Function Theorem

we have

∂α

∂β
= −

∂f

∂β
∂f

∂α

. (B.64)
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Hence, we must compute ∂f
∂α

treating β as constant, and ∂f
∂β

treating α as if it were

independent of β. Finally, we take the ratio with a negative sign, and have

∂α

∂β
=

−(1
2

√
αδΛ
β
)(ϕ(v)(α− 1) + ϕ(u.v)u)

Φ(v) + (1
2

√
βδΛ
α
)(ϕ(v)(α− 1) + ϕ(u.v)v) + Λτϕ(u.v)u

(B.65)

where ϕ(·) is the probability distribution function of the standard normal distribution.

Since we are interested in ∂α
∂β

= 0, Equation (B.65) yields

α
√
δΛ

(
(α− 1)ϕ(v) + (1− τθ + ατΛ)ϕ(u.v)

)
= 0. (B.66)

One answer for the equation above is

α1 = 0, (B.67)

which is not desirable for this problem. Any other solution would come from setting the

statement inside the parentheses in Equation (B.66) to zero, and after doing so, we will

have

u

1− α
= exp(

v2(u2 − 1)

2
). (B.68)

For this equation to be valid and provide an answer for α, u > 0 must be true, because

otherwise the result of the exponential expression in the right-hand side can never be

negative. However, with the given constraints, no answer exists for this expression where

all of the parameters remain within their feasible ranges without violating one of the

constraints of the original problem or the one pointed out above.

Now moving to the inside of the parenthesis part of Equation (B.62) being equal to

zero, we get two other solutions for α as below

185



α3,4 =
θ ±

√
θ
τ

Λ
. (B.69)

Based on the constraints introduced for the mathematical model in (4.1), and bound-

aries of θ, Λ, and α, only one solution is acceptable, which is:

α∗ =
θ −

√
θ
τ

Λ
.□ (B.70)

B. 5 Proof of Proposition 3.7

Setting α = 1 in Equation (3.15) yields:

Φ
(√

Λβδ
(
τ(θ − Λ)− 1

))
= 1 (B.71)

Defining ν such that Φ(ν) = 1, and conditioning on τ > µ, we find:

δ∗N =
1

βΛ
(

ν

τ(θ − Λ)− 1
)2.□ (B.72)
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